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Abstract

As the rates of chronical diseases, such as obesity, cardiovascular disease and diabetes
continue to increase, the development of tools that support people in achieving
healthier habits is becoming ever more important. Personal tracking systems, such as
activity trackers, have emerged as a promising class of tools to support people in
managing their everyday health. However, for this promise to be fulfilled, these
systems need to be well designed, not only in terms of how they implement specific
behavior change techniques, but also in how they integrate into people’s daily lives
and address their daily needs. My dissertations provides evidence that accounting for
people’s daily practices and needs can help to design activity tracking systems that

help people get more value from their tracking practices.

To understand how people derive value from their activity tracking practices, | have
conducted two inquiries into people’s daily uses of activity tracking systems. In a fist
attempt, | led a 10-month study of the adoption of Habito, our own activity tracking
mobile app. Habito logged not only users’ physical activity, but also their interactions
with the app. This data was used to acquire an estimate of the adoption rate of Habito,
and understanding of how adoption is affected by users’ ‘readiness’, i.e., their attitude
towards behavior change. In a follow-up study, | turned to the use of video methods
and direct, in-situ observations of users’ interactions to understand what motivates
people to engage with these tools in their everyday life, and how the surrounding
environment shapes their use. These studies revealed some of the complexities of
tracking, while extending some of the underlying ideas of behavior change. Among
key results: (1) people’s wuse of activity trackers was found to
be predominantly impulsive, where they simultaneously reflect, learn and
change their behaviors as they collect data; (2) people’s use of trackers is deeply
entangled with their daily routines and practices, and; (3) people use of trackers often
is not in line with the traditional vision of these tools as mediators of change —trackers
are also commonly used to simply learn about behaviors and engage in moments of

self-discovery.



Examining how to design activity tracking interfaces that best support people’s
different needs , my dissertation further describes an inquiry into the design space of
behavioral feedback interfaces. Through a iterative process of synthesis and analysis
of research on activity tracking, | devise six design qualities for creating feedback that
supports people in their interactions with physical activity data. Through the
development and field deployment of four concepts in a field study, | show the

potential of these displays for highlighting opportunities for action and learning.

Keywords: Physical activity tracking; Personal informatics; Behavior change

technologies; Human computer interaction.



Resumo

A medida que a prevaléncia de doencas crénicas como a obesidade, doencas
cardiovasculares e diabetes continua a aumentar, o desenvolvimento de ferramentas
que suportam pessoas a atingir mudangas de comportamento tem-se tornado
essencial. Ferramentas de monitorizacdo de comportamentos, tais como monitores
de atividade fisica, tém surgido com a promessa de encorajar um dia a dia mais
saudavel. Contudo, para que essa promessa seja cumprida, torna-se essencial que
estas ferramentas sejam bem concebidas, ndo sé na forma como implementam
determinadas estratégias de mudanca de comportamento, mas também na forma
como sdo integradas no dia-a-dia das pessoas. A minha dissertacdo demonstra a
importancia de considerar as necessidades e praticas didrias dos utilizadores destas
ferramentas, de forma a ajudd-las a tirar melhor proveito da sua monitorizacdo de

atividade fisica.

De modo a entender como é que os utilizadores destas ferramentas derivam valor das
suas praticas de monitorizacdo, a minha dissertacdo comeca por explorar as praticas
didrias associadas ao uso de monitores de atividade fisica. A minha dissertacao
contribui com duas investigacdes ao uso didrio destas ferramentas. Primeiro, é
apresentada uma investigacdo da adocdo de Habito, uma aplicacdo para
monitorizagdao de atividade fisica. Habito nao sé registou as instancias de atividade
fisica dos seus utilizadores, mas também as suas interagcdes com a propria aplicacao.
Estes dados foram utilizados para adquirir uma taxa de adopc¢ao de Habito e entender
como é que essa adopcdo é afetada pela “prontiddao” dos utilizadores, i.e., a sua
atitude em relacdo a mudanca de comportamento. Num segundo estudo, recorrendo
a métodos de video e observacdes diretas e in-situ da utilizacdo de monitores de
atividade fisica, explorei as motivacdes associadas ao uso diadrio destas ferramentas.
Estes estudos expandiram algumas das ideias subjacentes ao uso das ferramentas
para mudancas de comportamento. Entre resultados principais: (1) o uso de
monitores de atividade fisica é predominantemente impulsivo, onde pessoas
refletem, aprendem e alteram os seus comportamentos a medida que recolhem

dados sobe estes mesmos comportamentos; (2) o uso de monitores de atividade fisica



estd profundamente interligado com as rotinas e praticas dos seus utilizadores, €; (3)
o uso de monitores de atividade fisica nem sempre estd ligado a mudancas de
comportamento — estas ferramentas também sao utilizadas para divertimento e

aprendizagem.

A minha dissertacdo contribui ainda com uma exploracao do design de interfaces para
a monitorizagao de atividade fisica. Através de um processo iterativo de sintese e
analise de literatura, seis qualidades para a criacdo de interfaces sdo derivadas.
Através de um estudo de campo, a minha dissertacdo demonstro o potencial dessas

interfaces para ajudar pessoas a aprender e gerir a sua saude didria.

Palavras-Chave: Monitorizacdo de atividade fisica; Tecnologia pessoal; Tecnologias

para mudanga de comportamento; Interagdo Humano Computador.
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Chapter 1.

Introduction

Globally, more than one fourth of adults over 15 years of age are insufficiently
physically active [36] . This puts more than 1.4 billion adults at risk of developing
chronic diseases related to sedentary lifestyles such as obesity, cardiovascular
diseases and diabetes [87]. These conditions are a major threat to today’s healthcare
systems. In the United States, they account for over two-thirds of healthcare
expenditures, and recent reports have predicted this number to rise both in the
United States and also in other parts of the world [39]. Policy makers and health
leaders have stressed the importance of leading an active lifestyle [37],[78]. However,
many of us know how difficult it may be to lead active lifestyles. Even those of us who
do come around with a plan to increase our levels of physical activity (e.g. by setting
physical activity goals), typically have a hard time fulfilling them. Too many of us end
up relapsing into our old habits after several weeks or months of committing to

changing our behaviors [17].

Behavior change tools, such as activity trackers, hold great promise for transitioning
to a new healthcare landscape that provides individuals” with effective support for
managing their everyday health [68]. Numerous research projects have reported the
potential health benefits gained from the use of these tools - individuals have been
found to walk more [11], lose weight [4],[9] and feel more in control of their behaviors
[17] while consistently monitoring their step count with an activity tracking device.
These benefits have been found to prevail over months or years of continued

monitoring of physical activity [82].

Much of the research on activity tracking has focused on investigating the
effectiveness of these systems towards influencing human behavior [44]. Commonly,
these studies attempt to answer questions such as: did the use of an activity tracking
prototype lead to anincrease in users’ step count? Were users successfully persuaded
towards healthier lifestyles? Often lost in this framing are the actual experiences and

practices arising from owning and using these tools in people’s everyday lives.



Commonly overlooked, are questions such as: how are activity tracking devices
integrated into people’s everyday practices? How do they influence people’s

behaviors while being used in their daily lives?

More than focusing on the effectiveness of these devices, these questions call for
investigations on how users appropriate activity trackers in their daily lives, and how

adoption, or non-adoption, is shaped by the context of use.

Investigating these points is an important step towards designing tools that best
address people’s needs. Despite the potential benefits of tracking, people often stop
using their activity trackers within early weeks or months of purchase [14],[50]. For
instance, Shih and colleagues [77] found that over 50% of activity tracker owners
abandon the use of their devices within two weeks of purchase. Similarly, a 2016
survey from Gartner Market Research [90] suggests that over a third of owners of
commercially available activity trackers discard them within three months of
purchase. While for some, the profound disengagement with trackers may indicate
success - namely, when activity trackers instill new practices to the point they are no
longer required to motivate physical activity; activity trackers are actually frequently
abandoned because they simply fail to address people’s needs. Activity trackers have
been found to be discarded due to a lack of interest in the level of information that

they provide, boredom, and not fitting users’ conceptions of themselves [50],[90].

In my dissertation, | contribute to an exploration of how activity trackers can be better
designed towards addressing people’s everyday uses and needs. My dissertation
draws on the lived informatics perspective of activity tracking [76], which considers
that people’s use of self-tracking devices is embedded in their everyday lives and that
current tools should be designed, and evaluated, with this reality in mind. This calls
for more complex models of activity tracking than the widely accepted reflective
model [51], which assumes that people collect, then carefully explore and review their
data in retrospect to identify patterns in their behaviors and plan future courses of
action. | argue instead, that tracking is predominantly impulsive, where users
simultaneously reflect, learn and take action upon their behaviors as they unfold

within their everyday lives [24],[33],[76].



| argue that today’s commercially available activity trackers are primarily tailored to
support reflective modes of tracking through, for instance, the high-level aggregation
of data over time (e.g. step count over a week or a month), and that considerably less
effort has been placed in designing activity trackers that identify, and support

opportunities for learning and action, as they arise in people’s everyday lives.

1.1. Research Questions

Within my dissertation, | have explored three particular aspects of the everyday use

of activity trackers, which | adopt as the underlying research questions of my work:

RQ1: How do people interact with physical activity trackers in their daily lives? Prior
work has found users to abandon their trackers within initial days of use and
systematically explored the reasons leading to these abandonments. However, little
is known as to how trackers are used by those which manage to successfully adopt
these tools into their daily lives. To this end, my dissertation investigates the long-
term adoption of activity trackers. Insights into the long-term, daily use of trackers can
shed light into the effectiveness of different design strategies and the reasons that
underlie any success or failure. They can also uncover discrepancies between

expected and the actual adoption of these tools [33].

RQ2: How is the use of activity tracking devices integrated into the fabric of people’s
daily lives? Recent HCl research has called for wider discourses on the social
relationships, practices, places and spaces under which self-tracking data is collected,
and interacted with. As suggested by Attfield et al. [3], technology use is not just about
how interactions unfold, but also about the motivations that lead people to use
technology and the practices they have with these tools in their daily lives. Through
the use of video methods, my dissertation looks at a number of practices that
surround the use of activity trackers within everyday life, and investigates the

interplay between the use of these devices and the surrounding environment.

RQ3: How can we design physical activity feedback that help people learn and take
action upon their behaviors? Activity tracking literature has long assumed that people

change their behaviors as the result of deep and careful reflections on their behaviors



[51]. As such, considerable amount of efforts have focused on the design of personal
visualizations to support reflection, interpretation and reminiscing (e.g. [25]). In my
dissertation, | point towards an alternative way of using these tools. One in which
learning and action are the result of quick moments of interaction with activity
trackers. | explore how to design activity tracking devices that support this type of

interaction, and the effects of this form of feedback on users’ behaviors.

1.2. Thesis Outline

This thesis presents the findings from three studies that investigate real life practices
emerging from owning and using activity tracking devices —i.e., how these devices fit
into the everyday life and routines of people that use them, and examine how these
devices can be designed to be enmeshed in the people’s everyday lives and outlook

on their future.

Chapter 2 reviews recent literature on activity tracking. | start by introducing early
models on personal informatics systems for physical activity. | describe how activity
tracking has been considered a stage-based process, in which people take action on
their behaviors as the result of careful planning and reflection. | then highlight a recent
shift that has been placed towards a lived informatics perspective of tracking,
characterized by the integration of tracking into everyday life by people with varying

goals.

Chapters 3 and 4 present two inquiries into the everyday use of activity tracking
devices. Chapter 3 reports on a 10-month, in-the-wild study of the adoption, usage
and discontinuation of a mobile activity tracker called Habito, by a sample of 256 users
who installed the tracker on their own volition. Habito was specially designed and built
to study how users interact with activity trackers. Habito logged not only users’
physical activity, but also their interactions with the app. This data was used to acquire
an estimate of the adoption rate of Habito, and understanding of how adoption is
affected by users’ ‘readiness’, i.e., their attitude towards behavior change. A closer
look was also taken at the frequency, duration, and nature of users’ interaction with
Habito itself, the way interaction changes over time, and its impact on physical activity

level. Chapter 4 reports on a study where | resort to the use of video methods and

4



direct, in-situ observations of users’ interactions, to inquire into the long-term
adoption of and experiences with activity trackers, and how usage is shaped by the
surrounding context of use. 12 individuals were provided with wearable cameras and
monitored two days in their lives, collecting in total, 244 incidents where trackers
were used. These recordings were combined with behavioral data from trackers as
well as interviews, providing a detailed view on a number of practices that surround

tracker use in daily life.

Chapter 5 pivots to designing to help people find quick moments of self-regulation
and learning as they arise within their everyday lives. | present an exploration into the
design space of glanceable feedback for physical activity — i.e., feedback that is
presented in an abstract and easily consumable form, at locations where individuals
are likely to gaze frequently (e.g. background of a smartwatch), which resulted in 21
concepts and six design qualities for glanceable feedback interfaces. Four of these
concepts were developed and deployed in a field study, providing an overview of how
different types of glanceable feedback for activity tracking motivate, and help identify

opportunities for physical activity.

Chapter 6 discusses the overall contribution of the work described in this thesis






Chapter 2.

Related Work

Over recent years, the quantified-self movement has become increasingly popular
[79]. The main premise of this movement is to collect personally relevant information
for the purpose of self-knowledge and self-improvement [59]. Among popular
examples, people have been found to collect data from their physical activity, food,
and finances across diverse goals that include improved health (e.g. curing or
managing a pre-existing condition), mindfulness, or simply to satisfy curiosity and

have fun [12].

2.1 - Personal Informatics Systems

Personal informatics, also commonly known as Quantified-Self, are a set of systems
that enable people to “collect personally relevant information for the purpose of self-
reflection and gaining self-knowledge” [51](p. 558). These devices are increasingly
prevalent in people’s daily lives. The Quantified-Self website has identified several
hundreds of health tracking applications, and many other for tracking personal data

such as finances, and mood [91].

Most of these devices are built on top of three common functions: First, they collect
data from users’ behaviors (e.g., step count, heart rate). This data is then used to
provide feedback, and help users set and track progress towards goals. In accordance,
most of the research on these tools has focused on how behavioral data can be
collected (e.g. what sensors should be used and how accurate they are; where the

data will be stored), and how this data will be presented to users.

In a first attempt to understand and conceptualize the use of these devices, Li et al
proposed a five stage-based model of personal informatics systems [51] (see Fig. 1).
Informed by Prochaska & Velicer’s Transtheoretical Model of Health Behavior Change
[72], the use of these systems was described as a process consisting of five stages:
preparation, collection, integration, reflection and action. In the preparation stage,

people decide what they will be tracking, and how. This is followed by the collection

7



of data (sometimes from multiple tools), and preparation of this data for reflection
(e.g. through graphs and figures). This act of observing and recording one’s behavior
is commonly called self-monitoring. Previous research has suggested that self-
monitoring is effective in changing behaviors as it heightens the chances of identifying
undesirable behaviors [21], as well as taking advantage of opportunities for goal-
directed actions [85]. Individuals have been found to walk more [11], loose more
weight [2] or improve their eating habits [9] while consistently monitoring their
behaviors, leading researchers to suggest the need of “obsessive-compulsive self-

monitoring” for successful regulations in behaviors [4].

The reflection stage is where users retrospect on their behaviors, to identify patterns
and plan future courses of action. This mode of use of Pl systems was long assumed
to be the dominant mode of interaction: Knowledge of existing behavioral patterns
occurred as the result of careful planning and reflection on behaviors. As such, most
of today’s personal informatics tools support this process through the high-level
aggregation of data over time (e.g. step count over a week or a month) and
considerable amount of efforts have focused on the design of personal visualizations

to support reflection, interpretation and reminiscing (e.g. [25]).

PREPARATION ' COLLECTION INTEGRATION REFLECTION ACTION

Figure 1 — Li’s five-stage model of personal informatics systems

2.1.1 - Personal Informatics for Behavior Change

Much of the research around personal informatics focuses on self-improvement,
persuasion and behavior change. Personal informatics devices are commonly

designed with a range of behavior change techniques (e.g., self-monitoring, goal-



setting, social influence), and evaluated regarding their ability to shape, and promote

changes in behaviors [65].

To explain how personal informatics can potentially alter behavior, | present an
overview of two widely acknowledged behavioral models and explain some of the
connections of these models to Pl tools: Fogg’s behavior model [28], and the

transtheoretical model of behavior change [72] .

Fogg’s Behavior Model

BJ Fogg’s behavior model shows that three elements must

10:09

coincide for behaviors to occur: motivation, ability, and G

triggers. People need to have a certain level of motivation D

Time to stand!

towards a behavior, feel they have the ability to perform it, BN and

move a little for
one minute.

and be prompted to perform it. The Apple watch, for

instance, attempts to engage its users in periodic physical

activity by prompting users to engage in short moments of
Figure 2 - The apple watch

physical activity (e.g., standing up) for every 50 minutes of attempts to promote physical

sedentary behaviors (see Fig 2). Part of the success of these activity by prompting users to

reminders (as found in [26]) can be described by Fogg’s engage in “low demanding *

instances of physical activity
model: users are notified to engage in physical activity (i.e.,

throughout their day
behavioral trigger), and the nature of this activity is low
demanding in nature (i.e. users are likely to believe they are able to achieve it, even

with low motivation).

Further, according to Fogg, people’s motivations towards a behavior are continuously
changing between high and low peaks. When high, opportunities to do hard behaviors
arise; when low, only the simplest behaviors are achieved. Some personal informatics
researchers have, accordingly, suggested that feedback should be contextualized
according to people’s moods, or current motivational state [52]. Users could be
prompted to take short walks on an uninspiring day, and pushed towards higher

performances when more motivated.



Fogg Behavior Model
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Figure 3 - Fogg's Behavior Model

Transtheoretical Model of Behavior Change
Prochaska & DiClemente’s Transtheoretical Model of Behavior Change (or TTM) [72]
describes five stages that people go through when intentionally trying to change a

problematic behavior, such as smoking and obesity.

- precontemplation is the stage in which there is no intention to take change a
behavior in a near future. Individuals in this stage are often unaware of the
extend of a problem (e.g. being sedentary), and thus, unwilling to change their
behavior;

- contemplation is the stage in which problems are acknowledged and people
are thinking of changing their behaviors, yet have no concrete plan as to how
to do so;

- preparation is the stage in which people have a plan of how to change their
behavior (e.g. purchase a gym membership to help become more active), and

plan to do so in a near future.
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- action is the stage in which people “modify their behavior, experiences or
environment in order to overcome their problems” (p.4, [71]). People in this
stage have taken recent, visible actions upon their behaviors, but not always
enough to completely abstain from it (e.g., smoking a reduced number of
cigarettes);

- maintenance is the stage in which people have successfully modified their
behavior for a period of at least six months, and are trying to avoid relapses

to any of the previous stages of behavior change.

People progress through these stages cyclically, relapsing and jumping between stages
before a behavior is discontinued. Within personal informatics research, the TTM has
been used to evaluate a device’s ability to promote behavior change (e.g., by seeing
how a user is progressing in the stages [53]), and to target specific sets of users with
already appropriate level of ‘readiness” for change (e.g., studying the needs of
participants in a specific stage of behavior change, as in [53]). More recent research
has highlighted the importance of tailoring the feedback, and behavior change
strategies provided by Pl tools, to the different stages of behavior change [41]. For
example, users in intermediate stages of behavior change (i.e.,contemplation and
preparation) - where individuals have the intention but not the strategies to change
behaviors, could be presented with different design strategies to those in initial
phases of behavior change — which are often unaware, and unwilling to change their

behaviors.

2.2 — Research in Activity Tracking

Interest in personal informatics technologies for encouraging physical activity has
increased over the last decade. Millions of people own a phone with preinstalled
mobile application for health and activity tracking (e.g. Apple’s HealthKit, and Google’s
Google Fit), and the market of wearable activity tracking (e.g. Fitbit and Jawbone
activity trackers) has reached billions in volume over recent years [92]. In this section,
| discuss two lines of research for inquiring into the use of these devices: activity

tracking in the wild, and in everyday life.
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2.1.1 - Activity Tracking in the wild

Much of the early research on activity tracking focused on understanding the impact
of these devices for motivating, and persuading, physical activity. Tudor-Locke and
colleagues [83], for instance, found individuals to walk more and loose more weight
while simply tracking their steps/day with a pedometer. Bravata et al. [8] found these
effects to be increased when combining simple pedometers with a daily step goal.
Both studies suggested that simply recording the number of steps that one takes can
reinforce physical activity behaviors. Users were able to assess their progress, record
cases of success and understand how small variations in daily routines (e.g., non-
scheduled sports and exercise, commuting behaviors) impacted their daily activity

levels [84].

More recently, HCI researchers have produced more sophisticated activity tracking
prototypes, leveraging on novel visualizations for displaying physical activity levels and
behavior change techniques — such as goal completion or social influence [20] [53]
[62]. Driven by a theoretical concern, the goal of these studies was to assess the
efficacy and user acceptance of the prototypes and their underlying design strategies
through in the wild field studies. Consolvo and collegues, for instance, explored how
technology can be designed to motivate physical activity through glanceable, stylized
displays. They designed UbiFit [20], a mobile application that provides feedback on
one’s physical activity through a glanceable display on the background of a mobile
phone. Ubifit followed the metaphor of a garden, blossoming as users increase
exercise levels — butterflies appear when goals are achieved and different flowers
grow as a consequence of different types of exercise performed. In a 3-week
comparative study with 12 participants (all with a pre-existing motivation to increase
their daily levels of physically active), participants using UbiFit Garden had higher
activity levels than those without the persistent feedback. The always-available
information about their activity levels acted as a reminder to stay engaged and

committed to the goal of increasing physical activity.

Researchers have resorted to field studies to explore the impact of different design

strategies to motivate physical activity — from the use of novel textual messages [6],
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to stylized representations [49] and multi-location feedback [6]. Lin et al. [53], for
instance, created Fish’n’Steps, a social display designed to motivate individuals to stay
physically active while at work. Fish‘n’Steps linked an individual’s step count to the
emotional state, growth, and activity of a virtual fish in a shared virtual fish tank. A
fourteen-week study revealed increased user interest and intention to exercise when
presented with appealing designs of physical activity. Tollmar et al. [6] built Health
Mashups, a mobile application aimed at promoting reflection on one’s data by
identifying significant correlations between several tracked metrics - weight, sleep,
step count, calendar data, location, weather, pain, food intake, and mood. If a
correlation was found, the user was presented with textual messages explaining it
(e.g., you walk more on days when you get more sleep). Rather than “boring users to
death with numbers and graphs” (p. 48), textual feedback was found to tell users a
story, and help them in drawing immediate attention towards important information

and instigate action.

In the wild studies were, and are still, instrumental to the development of the field of
activity tracking. They moved evaluation out of the lab, enabling the evaluation of
novel technological systems in natural settings. Through quasi-experimental setups,
and mixed-method approaches, they showed that decisions such as the type of
feedback (e.g., stylized representations vs. narrative information), or the location in
which it is presented (e.g., presented within applications vs. frequently accessed
locations, such a phone’s background) substantially impact user experience, and in

turn, ability to motivate physical activity [17].

However, they are limited in a number of ways. First, much of this early work focuses
on how activity tracking systems can support people in improving themselves.
Second, participants are typically given a prototype, rather than purchasing a product
on their own, and are incentivized to use the prototype for the duration of the study,
which reduces the ecological validity of the study. Third, they feature a specific set of
users with an already appropriate level of ‘readiness’ for change [53]. As a result, while
these studies are extremely useful as efficacy evaluation of different design strategies

[44], they do not necessarily represent real-life use.
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2.1.2 - Activity Tracking in everyday life

With the widespread adoption of commercial activity trackers, researchers have
increasingly shifted attention to the study of peoples’ real-life practices emerging
from owning and using an activity tracker. The focus of respective studies is not on
the effectiveness and the efficiency of these tools, but on how users appropriate them
in their daily lives, and how adoption, or non-adoption, is shaped by the context of

use.

Lived perspective of activity tracking

Rooksby et al.’s [76] notion of personal tracking as lived informatics is commonly cited
as a representation of the importance of considering how tracking unfolds within
people’s every lives. A key notion of their research is that tracking is enmeshed in the
everyday life, and strongly connected to the activities and experiences that occur
alongside tracker use. Tracking often involves other people (e.g. friends, family), and
activities (e.g. work, jogging) [81] and is connected to a high level of emotionality,

deriving from people’s lives, worries, hopes and interests.

Drawing inspiration from this notion, Epstein et al. [24] recently argued that the use
of personal tracking systems does not adhere strictly to the division of stages
described in Li’s stage-based model of personal tracking (see Chapter 2, subchapter
2.1). They proposed an alternative model for using personal tracking devices, based
on the perspective of lived informatics. Tracking, under this model, is a messy reality
in which people collect, integrate and reflect on their data simultaneously, within their

everyday lives.

Inquiries into the everyday use of activity trackers

Rooksby et al.’s [76] and more recently, Epstein et al.’s [24] studies, have highlighted
the need to explore the experiences associated to the everyday use of trackers.
Researchers, in line with this call, have produced models of how people use self-
tracking tools informed by qualitative inquiry [24] [51]; explored the ability of trackers
to align with users’ motivations and desires [38] [42]; and investigated tracking

practices in everyday life [12] [29] and in specific contexts, such as the workplace [13].

Most of these studies have been qualitative in nature, relying on users’ self-reports,

either through interviews or online surveys. For instance, Fritz et al. [29] interviewed
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30 participants who purchased a tracker of their own volition and used it from 3 to 54
months. Their study revealed how the practices that surround long-term tracking
were different from those of early adoption, and how non- beneficial practices were
afforded by the design of the technology, such as “number fishing” which turned
exercise from a meaningful intrinsic endeavor into an extrinsically- rewarded activity.
Rooksby et al. [76] interviewed 22 people two times, separated by a month, and found
five different motives for tracker use, from directive, to documentary and diagnostic

tracking.

Others have gathered qualitative insights by analyzing reports of experiences with
trackers. For instance, Clawson et al. [14] analyzed 1600 advertisements of personal
health tracking technologies on craigslist and found that individuals often abandon
these, not due to technologies’ failure, but often because they achieved their goal
(e.g., lost weight), they desired an upgrade to a newer model, or because of
unanticipated changes in their life (e.g. surgery). Choe et al. [12] analyzed video-
recordings of Quantified Self talks and found that individuals often use tracking tools
for multiple reasons beyond self-improvement - from finding new life experiences

(e.g. to learn something interesting) to simply having fun.

Due to their inexpensive format, qualitative studies based on interviews, surveys and
reports of experiences, have inquired into the long-term adoption of and experiences
with activity trackers. However, these studies are limited as well. Asking people to
retrospect on typical use patterns, or experiences, may suffer from recall bias [30].
Insights on actual behaviors and experiences are likely to be forgotten, overlooked, or

avoided.

My dissertation has explored the everyday use of trackers as users engage with their
devices and data in their everyday lives. In the next sections, | describe how the use
of interaction logs, and direct in-situ observations of users were used to depict realistic
pictures of how people actually engage with trackers, and challenge some of the

underlying assumptions of how these systems are used to motivate behavior change.
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Chapter 3.

How Do We Engage With Activity Trackers? A

Longitudinal Study of Habito

3.1 - Introduction

With systems for health and wellbeing — such as activity trackers, playing a pivotal role
in health care reform, understanding the effectiveness of these systems towards
influencing human behavior has never been more important. Effectiveness, in the
context of HCl research in health and wellbeing, has been commonly defined as the
ability of a system to bring about a change in a target behavior [44] — such as an

increase in one’s levels of physical activity.

Randomized control trials (RCTs) have been considered as the “gold standard” for
evaluating the efficacy of health interventions [16]. Originally introduced in medical
research over 50 years ago [89], the main purpose of RCTs was to improve the
evidence of effectiveness of therapeutic agents. RCTs are characterized by the random
assignment of subjects to one of two groups: an experimental group - in which
subjects receive an intervention that is being tested, and a control or baseline group
which is used for comparison or reference. Classic examples include testing the
efficacy of a novel drug, as compared to a placebo, or standard drug, for reducing

diastolic blood pressure [15] or treating Alzheimer’s disease [48].

RCTs have, and continue to be, an imperative, widely used method for assessing the
effectiveness of behavior change systems (BCSs) [7], allowing researchers to produce
observable measurements of cause-effect relations between technology-mediated
interventions and behaviors. An analytic review conducted by Joseph et al [7] found
64% of internet-based physical activity interventions to use randomized control
studies. RCTs have been used for evaluating a variety of technology mediated
strategies for behavior change, such as social support [55], self-monitoring [43] and
prompts [86]. However, on their own, RCTs provide limited insights into how, and why

the technology under evaluation did, or did not change people’s behaviors. Often
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unanswered are questions such as: how was the system used by participants? Which
components of a system impacted people’s behaviors (and how)? How did this impact

vary across participants?

For example, Poirier and colleagues [70] used a randomized control trial to examine
the effectiveness of a system for encouraging physical activity that combined a clip-
on activity tracker (Pebble+ Fitlinxx Inc [93]) and Walkadoo [94], a web-program that
incorporated several strategies for promoting behavior change, such as goal setting,
virtual rewards, social support and customized messages. The study examined
Walkadoo's effectiveness in increasing daily steps, in comparison with a control
intervention. All participants (N=265) took part in a one-week run-in, during which
they used the activity tracker to establish baseline measurements of their step count.
During this week, participants did not receive any feedback on their physical activity.
After this period, participants were randomly assigned to a control (N= 132) and
intervention (N=133) group for six weeks. Participants in the intervention group were
asked to use Walkadoo and keep using their tracker, which displayed their progress
towards a daily goal through 10 LED’s — each lighting up as 10% of a goal was achieved.
Participants in the control group did not receive any feedback on their physical
activity. Participants’ step count and frequency of access to Walkadoo were logged

during the study and used as primary outcome measures.

Difference between both groups was striking, with the intervention group showing an
increase of 845 steps/day over the control group. Participants in this group were more
likely to achieve an increase of 1000 steps/day, and spend less time in sedentary
behaviors as compared to the control group. These results were sustained over the 6

weeks of study.

The study of Poirier et al. was successful in many ways. First, it provided observable
differences between both conditions by gathering objective measurements of
people’s behaviors. Second, it showed that these differences were due to the
particularities of each condition — namely, of providing participants with a range of
behavioral feedback on a website and activity tracker, as compared to having no

feedback on their physical activity.
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However, their study also revealed some limitations. For example, it did not
investigate how, and why the individual components of their system impacted
people’s behaviors. No focus was placed on uncovering the isolated effects of
Walkadoo’s virtual rewards, goal setting, social support and customized messages, as
well as the feedback conveyed by their activity trackers, towards motivating physical
activity. As such, the effectiveness of each of these individual components, the way In

which they interact, and contribution to the highlighted effects, is unknown.

The above scenario exemplifies a common pitfall of many evaluations of behavior
change systems within HCI literature. While providing assessments of the effects of
these systems as a whole, they commonly provide limited insights towards how and
why specific components influence behaviors — which are of essential understanding
towards informing the design of systems that effectively support people in achieving
healthier lifestyles [45]. HCl researchers have, thus, recently called for evaluations that
provide a deeper understanding of how these tools impact people’s behaviors. As
emphasized by Klasjna and collegues: “we need answers to questions such as when
people choose to use or not use a system (...) what aspects of the system they find most
helpful or frustrating and why (...) Answers to these kinds of questions can help us
design technology that fits into people’s lives and that is likely to be effective for

helping them change their habits” ([44], p. 8).

| suggest that many of these questions may be addressed by adopting an experimental
framing on users’ interactions with activity trackers. | suggest that users’ interactions
are important mediators towards understanding behavior change. First, the most
commonly employed strategy for behavior change, self-monitoring, requires
interaction with feedback. So, while we may design features to provide self-relevant
feedback, it can only impact behavior if people interact with these features [69].
Second, the effects of different strategies for behavior change are likely to become
more apparent (and confirmed and tested) through the examination of the moments
in which users engage with them. For instance, prior work has suggested that activity
trackers both serve reflective and persuasive goals [61], however, little is known as to
how and when users engage with their trackers to be persuaded and engage in

reflections —and how this impacts people’s subsequent behaviors.
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In this chapter, | describe a study that leverages on data from users’ usage sessions
with an activity tracker, towards deriving insights on how these tools are used in
people’s daily lives, and how they impact behaviors. | report on a 10-month field study
of Habito, our own mobile activity tracker, by a sample of 256 users. Designing our
own application had a number of benefits. First, it allowed us to test different
approaches to activity tracking through manipulating the type of feedback given. To
this end, Habito incorporated three strategies for behavior change: goal setting,
textual feedback that keeps updating and contextualizing physical activity through
location. Second, it enabled us to log a range of behavioral data, such as the distance
of walking activities and their start and end time, as well as usage data, such as the
duration and time a usage session took place — and use this data to derive insights of

how Habito’s individual components of behavior change impacted users behaviors.
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3.2 - How Do We Engage With Activity Trackers? A Longitudinal Study
of Habito

This article is organized in four main sections. The first section describes Habito and
its three design strategies for behavior change: goal setting, contextualizing physical
activity and textual feedback that keeps updating. The second section describes the
study we conducted to understand the everyday use and effectiveness of Habito
towards motivating physical activity. The third section presents our findings and
discussion of our results. Our findings are split into three main sections: First we
discuss the adoption of Habito, and how this varies according to participants’ attitudes
towards physical activity. This is followed by an analysis of the patterns of use of the
adopters of Habito —i.e., individuals that used Habito for at least a week. Our analysis
concludes with an analysis of the effectiveness of Habito’s different strategies for
behavior change — towards motivating physical activity, and usage. The article ends

with a discussion of some implications for design.

This article was published in UbiComp 2015 [32] with co-authors Dr. Evangelos
Karapanos and Prof. Dr. Marc Hassenzahl and additional contributors of Sergio Barros.
| led the design of Habito, analysis of data and writing drafts of the paper, under the
supervision of Dr. Evangelos Karapanos. Development of the mobile application was

led by Sérgio Barros.
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ABSTRACT

We report on a 10-month in-the-wild study of the adoption,
engagement and discontinuation of an activity tracker
called Habito, by a sample of 256 users who installed the
tracker on their own volition. We found ‘readiness’ to
behavior change to be a strong predictor of adoption (which
ranged from 56% to 20%). Among adopters, only a third
updated their daily goal, which in turn impacted their
physical activity levels. The use of the tracker was
dominated by glances — brief, 5-sec sessions where users
called the app to check their current activity levels with no
further interaction, while users displayed true lack of
interest in historical data. Textual feedback proved highly
effective in fueling further engagement with the tracker as
well as inducing physical activity. We propose three
directions for design: designing for different levels of
‘readiness’, designing for multilayered and playful goal
setting, and designing for sustained engagement.
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INTRODUCTION

Chronic diseases account for nearly 40% of mortality and
75% of healthcare costs worldwide, with obesity alone
being responsible for an estimated 12% of the total health
spending growth in the United States [39]. Consequently,
policy makers argue for a health care model that stresses
patient-driven prevention rather than after the fact cure.
This burst of interest in prevention combined with progress
in technology has lead to a whole new genre of products:
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wearable activity trackers. Their market has rapidly grown
to a volume of $1.15 billion worldwide in 2014 [33].

Research on activity trackers so far led to a repertoire of
theoretically informed design strategies, such as making use
of deliberate goal-setting [6,31], increased self-monitoring
[5,24], as well as the exploitation of social influence [31].
Yet, despite promising early results, more recent studies
raised concerns about activity trackers’ long-term efficacy
[19]. Shih et al. [40] studied the adoption of Fithit — a
wearable activity tracker — by 26 users. They found that
50% quit using the tool after only two weeks. Similarly, a
recent survey [22] revealed that over a third of owners of
commercially available trackers discarded them within six
months after purchase.

While the quick and profound disengagement with trackers
seems disheartening, we do not even know whether this is
not actually a positive sign. Trackers as currently designed
work primarily as "scaffolding" [12]. They provide
structure and motivation to people who feel incapable of
implementing their intention of exercising without support.
In terms of Deci and Ryan's Self-Determination Theory
(91, p- 237), motivation to exercise has to be transformed
form external to internal, often through steps of introjection
(e.g., the tracker embodies exercising as an activity one
should do), identification (e.g., exercising is accepted as
necessary) and finally integration (e.g., exercising becomes
an intrinsically-motivated activity). Thus, disengagement
can signify two opposite outcomes: failure to integrate
exercising into daily life or a swift adoption of exercising as
an intrinsically motivated practice.

In fact, the majority of the studies have focused primarily
on the impact of the tracker on behavior rather than, for
example, users’ intensity of engagement with the tracker.
However, we find user engagement to be an important
mediator variable for a number of reasons. First, the most
commonly employed strategy for behavior change, self-
monitoring, requires engagement. So while we may design
features to provide self-relevant feedback, it can only
impact behavior if people engage with these features [21].
Second, recent studies have revealed rich qualitative
findings on the diversity of motives and behavioral
practices that surround the use of physical activity trackers.
For instance, prior work has suggested that activity trackers
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Figure 1. Habito employs three design strategies: goal setting, contextualizing physical activity and textual feedback that
keeps updating. The in-the-wild deployment of Habito aimed at exploring its adoption, how users engage with feedback,
and the impact the design strategies had on users’ engagement with the tracker and likelihood to engage with physical
activity on the short term.

serve both persuasive and reflective goals [12]. However,
we have no knowledge as to when and how users engage
with trackers to reflect or to be persuaded. The nature of
those different interactions is likely to become apparent
through the examination of the frequency and duration of
users’ engagement with the tracker.

This paper reports an in-the-wild study of 256 users who
voluntarily installed Habito, a specifically designed
physical activity tracker that runs on Android OS. We were
interested in acquiring an unbiased estimate of the adoption
rate of Habito and in understanding how adoption is
affected by users’ ‘readiness’, i.e., their motivational stage.
Subsequently, we took a closer look at the frequency,
duration, and nature of users’ engagement with Habito
itself, the way engagement changes over time, and the
impact engagement has on physical activity levels.

In the following section, we describe Habito in more detail.

HABITO

Habito (see Figure 1) was specially designed and built to
study how users engage with activity trackers. Designing
our own application had a number of benefits. First, it
enabled us to test different approaches to activity tracking
through manipulating the type of feedback given. Second,
while commercially available trackers (such as Fitbit or the
Moves app) provide access to people’s physical activity
data, their APIs have a number of limitations, such as
granting access only to the past week’s data or providing no
tracking of users' actual interaction with the tracker. Habito
allowed us to not only capture users’ physical activity, but
also their interactions with the app. Habito was developed
for Android OS, which allowed us to reach an unbiased
sample of users through its deployment on Google Play.
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The present version of Habito employed three design
strategies: goal setting, contextualizing physical activity
with cues relating to location and daily commutes, and
textual feedback that keeps updating with the goal of
sustaining users’ interest.

Goal setting

Goal setting is one of the most popular, theoretically
informed and empirically grounded approaches to instill
behavior change. Research has repeatedly shown that
setting concrete goals makes individuals more likely to
accomplish them [16,26]. However, goals have to be
adopted to become active. The availability of the mere
functionality is irrelevant, as long it is not used.
Accordingly, knowledge of the extent to which individuals
change the defaults goals, of how frequently they update
goals, and how those interactions affect engagement and
physical activity, would help shed light on individuals goal
setting practices and relation to behavioral outcomes.

Upon installing Habito, users were prompted to define their
daily walking goal. However, a default goal was provided,
as prior work has shown that many first-time users are
uncertain about how much they walk (or should walk) [20].
While a walking distance of 8 km/day is recommended, we
chose to set a default of 1 km/day. We did so for a number
of reasons. First, prior work [20] has shown that users tend
to underperform compared to medical recommendations.
Challenging goals induces initial surprise, experienced as a
wake-up call for some, but also induces reactance and
higher chance of rejecting the tracker for less motivated
individuals. Second, a lower default goal would be achieved
easier and, thus, possibly motivate users to reflect (and
update) towards their own, appropriate and attainable goal.



SESSION: TRACKING IN THE WILD

Habito provides an awareness of users’ current activity
levels and goal completion at the top of the screen (see
Figure 1). To provide positive reinforcement throughout the
day, we split their daily walking goal into four and provided
interim milestones. For instance, a goal of 8 km would have
three sub-goals: 2, 4 and 6 km. Upon completion of a sub-
goal, Habito would "reward" the user and motivate her
towards achieving the next sub-goal (e.g., “Awesome! 2.6
km walked! Come on, 1.4 km to next goal!”).

To track users’ physical activity, Habito makes use of (1)
Google’s activity detection API [13], which senses users’
state of physical activity (e.g., still, walking, driving) over
30 sec intervals, and (2) an open source step counting
algorithm that combines data from the phone’s
accelerometer and gyroscope [1]. Steps were counted only
when ‘walking’ was detected by the activity detection API.
This improved the accuracy of the step counter but also
reduced battery drain considerably. Distance walked was
further inferred from step count and users’ height.

Contextualizing physical activity through location
Habito provides a view of user’s daily visited locations and
commutes between them (see Figure 1). A new location
entry is made if a user spends at least 5 minutes within a
50-meter radius [43]. Locations can further be associated
with a name, automatically identified in all subsequent
visits. A list of suggested names is provided by Foursquare,
along two additional places — ‘home’ and ‘work’. Locations
are color-labeled according to users’ activity levels within
this place, ranging from red (sedentary), through orange, to
green (physically active). Commutes (as sensed through
Google’s activity recognition API) and walks outside of
places are represented through additional entries.

Contextualizing physical activity through location assists
the user in a number of ways. First, presenting additional
memory cues (such as places and commutes) supports the
recall of episodic memories [8,14], enabling users to
identify particular instances of walking that contributed to
their daily walking goal. Second, associating physical
activity to places supports users in identifying patterns and
ill habits, such as places where they are particularly
inactive. This should prompt the development of strategies
to overcome particularities of places (e.g., when watching
TV at home, stand up and move within commercial breaks).

The idea of contextualizing information is not new. Li [23]
argued that contextual information may enable users to
identify the factors that affect their physical activity levels,
eventually "increasing users’ awareness of opportunities for
physical activity” (p. 53) in the different activities of one’s
life. In fact, several authors [10, 23] have pointed out that
enriching behavioral with contextual information — such as
places or people — can reveal factors that affect behavior,
and help users to make more informed decisions about how
to change their behavior.
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However, we have an only limited understanding of how
users interact with such contextual information. Epstein et
al. [10] explored user preference and perceived values of
different visualizations of contextual information (e.g. maps
with average time spent in different modes of
transportation, and graphs with the total minutes of physical
activity for a certain week). However, those insights were
based on self-reports while no objective data exists on
users’ consumption of contextualized data or on their
impact towards shaping behaviors (e.g. does a certain
representation of contextualized information actually lead
users to walk more or eat healthier?).

Textual feedback that keeps updating

The potential of textual feedback in inducing behavior
change has been repeatedly highlighted [7]. Rather than
“boring users to death with numbers and graphs” [17, p.
48], textual feedback is potentially able to tell a story, is
less ambiguous and can help in making sense of the data
captured by the tracker. Textual feedback can highlight
patterns and draw immediate attention towards important
information and instigate action [7] or support reflection
over extreme behaviors [30].

Perhaps more importantly, textual feedback can take
multiple forms, thus strengthening the tracker’s capacity to
sustain the novelty of feedback. Prior work has found
instant information rewards, such as social media updates
and incoming emails on smartphones, to have the capacity
to form “checking habits: brief, repetitive inspections of
dynamic content quickly accessible on the device” [34].
Consequently, one could wonder whether presenting users
with novel textual feedback can lead to checking habits,
which sustain engagement with the tracker.

Habito provides users with textual feedback based on their
present and past activity levels. Following Munson’s
classification [30], Habito's textual feedback was designed
to support either reflection or persuasion. Persuasive
messages attempt to instigate behavior change by providing
explicit recommendations (e.g., “Try walking when talking
on the phone. During your call with Bob, you were
sedentary”, “Last week, you reached your daily walking
goal 2 times, try updating it to 8 km?”). Informational
messages, on the other hand, attempt to assist users in
gaining better knowledge about their behaviors, avoiding to
employ any form of recommendation or nudging (e.g.,
“You are the second most active person at work”, “You just
burned 1560 calories, equivalent to 5 cheeseburgers").

Habito contained a total of 91 different messages, displayed
to users over time and in certain conditions. Some of these
messages aim to support further inferences about the
activities performed. For instance, when registering high
physical activity at a given place, messages provided
further detail, such as “M-ITI has been your most active
location of the week. On average, 400m more than any
other location,” “In your breaks at M-ITI, you walked an



average of 50 meters. Other messages provided mere facts
such as “Only 13% of children walk to school nowadays
compared with 66% in 1970” or “Simple movements such
as fidgeting, which includes knee shaking or pen tapping
can burn up to 800 calories per day.” Others provided just
in time recommendations such as “You have been sitting
for 45 minutes. Try taking a break every 30 minutes,”
during extended sedentary activities, while others try to
create a sense of community, e.g., “M-ITI is the 2nd most
physically active community in Madeira. Just 300 meters
below the first (University of Madeira)”.

STUDY

Habito was posted on Google Play and voluntarily
downloaded by users. Over the 10-month period of the
study, a total of 256 users downloaded the application. All
users had quit Habito by the end of the 10-month period.

Contrary to prior work [5,24], we did not sample for users
with specific levels of physical activity or increased
motivation for becoming fitter, as we wanted to reach out to
a representative population of users. We however tried to
understand if users’ commitment to exercise influenced
their adoption of Habito. Upon installation of Habito, users
received an e-mail with the stage of change questionnaire
[28], which maps people’s motivations to change behaviors
(i.e. to become more active) to Prochaska’s and Velicer’s
[36] stages of behavior change: precontemplation — having
no plan to become more active, contemplation — not being
active but intending to become soon, preparation — trying
but not yet being regularly active, action — being regularly
active but for a period less than six months, and
maintenance — being regularly active for the last six months
or more. 54% of users completed the questionnaire.

Users were informed that their data would be stored and
analyzed for research purposes. Next to monitoring physical
activity and context, application usage was logged,
including when the app was launched and quit as well as all
interactions within, such as clicking on a specific location,
commute or physical activity entry, swiping to a new
message, or looking at past days.

Most users (42%) were located in Portugal, followed by
United States (25%), United Kingdom (22%), India (9%)
and China (2%). All users installed the application on their
own volition and no financial incentives were provided.

FINDINGS AND DISCUSSION

"Readiness" for use: motivation and adoption

One hundred and sixty nine users (66%) used Habito longer
than two days, 97 (38%) longer than a week and only 36
(14%) longer than two weeks. To identify adopters and
non-adopters, we ran a k-means cluster analysis on the
maximum number of days of use with the number of
clusters inferred from the sum of squared error (SEE) curve.
This revealed two groups: adopters, who used Habito for
more than a week (97 of 256, 38%), and non-adopters, who
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quit within the first week (159 of 256, 62%). The former
group used the application for a median of 11 days (IQR: 8-
16), while the latter used the application for a median of 2
days (IQR: 1-4).

The resulting adoption rate of 38% is clearly below Shih's
[40] conservative estimate of 50% for Fitbit purchasers. Of
course, the present study involved downloading a free
mobile app rather than purchasing a wearable device. App
acquisition in general is highly exploratory, with only 69%
of all apps being kept for longer than two weeks after
downloading [37]. For health-related apps this is even
worse: Only 1 out of 100 people keep the app, whereas, for
example, Whatsapp, is kept by every second (50%).

We expected strength of motives to determine whether
people adopt Habito or not. In fact, previous work has
found adoption of interventions for behavior change to be
higher in intermediary stages (contemplation, preparation)
compared to all other stages (precontemplation, action,
maintenance) [24]. 138 users answered the stage of change
questionnaire. Of these, 43% were found to be in the
intermediary stages of behavior change (contemplation:
19%; preparation: 24%). Table 1 shows the adoption rates
per stage and in total, along with 95% confidence intervals.

Table 1. Adoption rates of Habito per stage of motivation
to exercise.

Stages of behavior change Adopters % ?;:;/f d)CI (adj.
Precontemplation 50f36 14% 6%-29%
Contemplation 14 of 26 54% 36%-71%
Preparation 19 of 33 58% 41%-73%
Action 7 of 24 29% 15%-49%
Maintenance 4 of 19 21% 8%-44%
Total 49 of 138 36% 28%-44%

The overall adoption rate of 36% (note that this slightly
differs from the 38% reported above due to the fact that not
all users responded to the stage questionnaire) is clearly a
consequence of the stage the person was in. Among the
target group (contemplation, preparation), the combined
adoption rate was 56% (33 of 59, adj. Wald 95%-CI: 43%-
68%), while among the other stages (precontemplation,
action, maintenance), the combined adoption rate dropped
to 20% (16 of 79, adj. Wald 95%-CI: 13%-30%). A -test
of independence showed adoption not to be independent
from the stage a person was in, %’(1)=18.8, p<0.01.

In sum, given a certain readiness on behalf of users, the
adoption rate of Habito resembled that found by Shih [40]
in the context of Fithit. Obviously, readiness is a strong
predictor of adoption, which must be incorporated into
studies of the adoption of health-related apps and devices.

In the remainder of the analysis we focus on the adopters'
engagement with Habito.
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Engagement

The 97 adopters had 2737 individual usage sessions
(median usage sessions per adopter=28, IQR: 15-45). A
session was defined by the moment a user opens the
application, until the phone was locked or the application
was closed [34]. First we looked at the sessions themselves
(and their duration), then we explored patterns across
sessions.

Usage sessions

Usage sessions were brief, with 50% of them not longer
than 10 sec and 81% not longer than 30 sec. The median
session duration was 10 sec (IQR: 4-24). They were thus on
average even briefer than in earlier studies of mobile phone
use, which found 50% [44], 54% [2] and 61% [11] of usage
sessions to last no longer than 30 sec. These differences are
unsurprising, as mobile phones are multi-purposive,
offering a large range of applications and features, explored
sequentially within individual usage sessions (e.g. opening
a social media application, switching to a news application
and ending up browsing web content) [37]. In the current
case, we only focus on using a single application.

Banovic’ et al. [2] qualified a usage session as either
glance, review or engage session. Glance sessions are brief
interactions, in which users check information on the lock
screen and then turn the screen off or let the phone timeout
[2]. For Habito, we define glance sessions as sessions in
which users open and close Habito with no additional
actions or inputs (e.g., activating Habito to gain awareness
of physical activity levels). In Banovic et al. [2], review and
engage sessions involved access to at least one application.
These differed however in terms of duration, with review
sessions lasting up to 60 seconds and engage sessions
lasting more than 60 seconds. This time split was
determined through a head/tail classification [18].
Following this approach, our analysis revealed a natural
break point on 22 seconds. Review sessions are thus
sessions, which last up to 22 seconds, while engage
sessions last more than 22 seconds, with both sessions
involving at least one action within Habito (e.g., scrolling
through the past day’s performance).

Over half (57%) of all usage sessions were glance sessions
(median duration=5sec, IQR: 2-11), while review and
engage sessions were evenly distributed (review: 22%;
median duration=12sec, IQR: 8-18; engage: 21%, median
duration=45sec, IQR: 29-67). These results are similar to
those of Banovic et. al. [2], who found 47% glance, 25%
review and 22% engage sessions with median durations of
14, 23 and 136 sec, respectively.

Review and engage sessions were characterized by a high
number of interactions with contextual and textual
feedback. In fact, 88% and 89% of all review and engage
sessions, respectively, involved exploring an ongoing days’
contextual feedback, while exploring textual messages
occurred in 84% and 88% of review and engage sessions.
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A x’-test of independence revealed a significantly higher
frequency of accessing textual messages during engage as
opposed to review sessions, X2(1)=4.11, p<0.05. Further,
users would access past days with a higher frequency
within engage (18%) as compared to review sessions
(13%), 1*(1)=5.92, p<0.05.

We found the type of session to be linked with goal
accomplishment. Engage sessions were more frequent
when goal accomplishment was low (p(387) = -0.58,
p<0.05, see Figure 2) while glance sessions became more
frequent as users progressed towards their set walking goals
(p(1084) = 0.35, p<0.05). Moreover, the percentage of
glance sessions would increase over time (p(1053) = 0.41,
p<0.05), from 45% during first week of use to 68% and
73% during the sixth and twelfth week of use. Additionally,
the percentage of engage sessions decreased over time
(p(1153) = -0.38, p<0.05), from 28% during first week of
use to 13% and 9% during the sixth and twelfth week of
use.
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Figure 2. Users’ engagement with Habito and goal
accomplishment (Percentiles and frequencies)

All in all, these results support the notion of activity
trackers as “deficit” technologies, to which people turn
when they are afraid of failing. During low levels of goal
accomplishment individuals exhibit higher dependency on
the tracker, as signified by the prominence of engage
sessions which focus on feedback. As users progress
towards their goal, the prominence of engage sessions
decreases and people use the tracker only briefly to acquire
an awareness of their current progress towards goal
completion (i.e., glance). Over time, when individuals
become more self-reliant, use is more and more marked by
brief, reassurance-seeking, glance interactions.

Pattern across usage sessions

Approximately a third (29%) of all usage sessions were
separated by less than 5 minutes. This resembles the
findings of Banovic et al. [2], with 50% of all sessions
having been separated by 5 min or less.

We found the time users took to re-engage with the
application to increase with their progression towards
completion, p(2605) = 0.21, p<0.01, see Table 2. Further,



nearly half (46%) of all usage sessions occurred during the
first 25% of goal accomplishment, decreasing towards goal
accomplishment, p(1067) = -0.32, p<0.05. These results
further support the view of trackers as “deficit”
technologies with users taking longer times to re-engage as
they become more confident and progress towards their
goal.

Table 2. Usage sessions and re-engagement time per goal
accomplishment

Minutes to next

Goal accomplishment session (IQR)

Usage sessions

0-25% 46% (N=1259) 10 (1-51)
25-50% 16% (N=446) 27 (2-147)
50-75% 14% (N=388) 82 (1-330)
75-100% 13% (N=345) 133 (9-312)
>100% 11% (N=299) 189 (22-405)

Contrary to what we expected, users would take less time to
re-engage with Habito after an engage session compared to
a glance session (see Figure 3). In fact, transitions between
subsequent engage sessions had the lowest re-engagement
time (median=4min, IQR: 1-22) than compared to
subsequent glance sessions (median=27min, IQR: 6-143,
Mann-Whitney U=54418, p<0.01).

With engage sessions displaying short re-engagements and
high frequency during lower levels of goal accomplishment,
these results hint towards heightened dependency on the
feedback and support provided by activity trackers during
moments of underperformance. These results may also
indicate a break of longer tasks, such as exploring historical
information, into closely related micro-tasks, defined by
shorter sessions, such as exploring past days over multiple
sessions.

5 min
....................................................... :
v H

\£'~~“27 min 61 min h"é min
L PO 1.
Engage
12min ) 33min_ >

N

26 min H

Figure 3. Median transition time between glance, review
and engage sessions.

Impact of Habito’s design strategies

Next we looked at how the three embedded strategies — goal
setting, contextualizing physical activity through location
and the continuously updating textual feedback — affected
users’ engagement with the tracker and their levels of
physical activity.
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Goal-setting

We found only 30 of the adopters (31%) to change their
preset goal of 1km per day walking distance. Even more,
the large majority of those users (24 of 30, 80%) updated
their goal only once: during the first use of Habito. During
subsequent use, 87% (N=84) of all adopters were
recommended, at least once, to update their walking goal
(e.g., “last week, you reached your daily walking goal 2
times, try updating it to...”), yet only 5% of them (4 of 84)
followed the tracker’s recommendation. The median of all
updated goals was 8 km (IQR: 5-10).

Figure 4 illustrates the differences among users who
updated their goal (self-set goal) and those who didn’t
(preset goal) in terms of engagement with the tracker as
well as physical activity. As one may notice, while both
groups had similar patterns of engagement with the tracker,
significant differences are found in their levels of physical
activity. Users who updated their goal walked more per day
(median=6 km, IQR: 3-10) when compared to users that did
not update their goal (median=2 km, IQR: 1-4, Mann-
Whitney U=263, p<0.05).

Preset goal Self-set goal

20% (N=235)

Goal
Session
duration

Time to next
session

Distance
walked

Goal accom-
plishment

Glance

Review

Usage type

Engage

*p<.05, *p<.01

Figure 4. Users’ engagement with Habito and physical
activity levels (Median and IQR values) for those who
updated the preset walking goal and those who did not.

This is in line with goal setting theory that argues that
setting “difficult goals consistently leads to higher
performance than [just] urging people to do their best” [26,
p- 706]. However, this did not imply that they were more
likely to meet their goal (see Figure 4). In fact, despite a
positive correlation between goal and the actual distance
walked per day (p(1068)=0.51, p<0.05), we found a
negative correlation between goal and goal accomplishment
(p(1068)=-0.67, p<0.01), which implies that setting a high
goal decreases the chance of achievement, but increases
physical activity. Supporting users in finding the optimal
goal in terms of challenge and achievability is a relevant
challenge for activity trackers.

Contextualizing feedback though location and commutes

Users only accessed contextual information in
approximately one third (38%) of all usage sessions. This
percentage decreased over time, (p(1068)=-0.41, p<0.05),
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from 43% during first week of use to 25% and 18% during
the sixth and twelfth week of use.

Interactions with contextual feedback concerned in most
cases (89%) the ongoing day, in 7% the past day, and only
in 4% a day further in the past. In fact, of all sessions where
users looked at a past day’s feedback, only 29% involved
exploring contextualized feedback. In the majority of cases
(71%) it only involved glancing at the overall distance
walked during that day.

All in all, these results suggest that contrary to conventional
wisdom in personal informatics that portrays behavior
change as the result of deep knowledge about one’s own
behaviors, users lack the interest to reflect on past
behaviors. Users’ interactions with historical feedback
concerned only a small fraction of total use, which further
decreased over time, and when users’ interacted with past
behaviors, these interactions mostly concerned the ongoing,
rather than past days. One would expect our added
contextual cues (such as location visits and commutes) to
strengthen users’ capacity to reconstruct past days, which
should make past days’ history more meaningful and
interaction more likely. This was not supported.

One should, however, note that the chosen representation of
context may not have been ideal for supporting learning and
sustaining users’ interest on the long-term. Our
representation of context followed the line of the
commercial application Moves, in which location and
physical activity information are presented as unprocessed
streams of data in the course of a day. Such low-level
representations of context have been found to be less
valuable in uncovering the factors that influence behaviors
when compared to high-level representations of physical
activity (e.g., tables with overall exercise performed during
a week at work), as they require “paging days of detailed
data to attempt to find trends, correlations, or opportunities
for change” [10, p. 2].

Novelty in textual feedback

Users were presented with textual messages (from a pool of
91 different messages) that provided further insights into
their physical activity levels. In approximately one third
(32%) of all usage sessions, users were presented with a
novel message (i.e., one they had not seen before).

When presented with a novel message, users were more
likely to swipe to additional messages (median additional
messages explored=2, IQR=0-4) as opposed to when
presented with a familiar message (median additional
messages  explored=0, IQR =0-2, Mann-Whitney
U=164553, p<0.05). Altogether, after a novel message,
users interacted longer with  Habito  (median
duration=15sec, IQR: 10-33) than when presented with a
familiar message (median duration=7sec, IQR: 2-15, Mann-
Whitney U=192711, p<0.05, see Figure 5). A x’-test of
independence further revealed a significantly higher
likelihood of resulting to an engage session, when novel
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messages were presented (219 of 876) as opposed to
familiar messages (354 of 1864, y*(1)=13.01, p<0.01), but a
significant lower likelihood of resulting to a glance session
(464 of 876), when novel messages were presented as
compared to familiar messages (1100 of 1864, y*(1) =
185.5, p<0.01).

Besides engaging longer, novel message made users return
to the application in a shorter period of time (median=13
min, IQR: 2-238), as compared to when a familiar message
was presented (median=21 min, IQR: 3-318, Mann-
Whitney U=212971, p<0.05).

Recurring Novel

Number of mes-
sages explored
Session
duration ‘
Time to next
session
Time to
next walk
Distance walked
until next session

Glance ‘

Review ‘

Usage type

Engage ‘

*p<.05, **p<.01

Figure 5. Impact of novel messages on users’ engagement
with Habito and physical activity (Median and IQR values).

Did these bursts of interest that novel content brought
inspire users to walk more? Unfortunately not, since no
significant differences were found in the time users waited
before taking the next walk, or in the distance walked after
interacting with a novel or a familiar message (see Figure
5).

All in all, these findings highlight the impact novel content
can have on users’ engagement with the tracker, both on a
single session level (e.g., duration) and in terms of overall
patterns of interaction (e.g., time to next usage). However,
novelty per se — while intensifying engagement with the
tracker — does not translate directly into the target behavior.

Persuasion in textual feedback

We employed two different types of messages in Habito:
persuasive — messages that suggest activities such as “Try
walking when talking on the phone. During your call with
Jorge, you were sedentary” — and informational — messages
that provide summative feedback, such as “You just burned
1560 calories, that is equivalent to 5 cheeseburgers”). Prior
work has shown that while persuasive messages hold
significant motivational power, they can lead to aversion
and reactance [3]. Our interest is to understand the impact
of both types of messages on engagement with the tracker,
and to assess the overall value of persuasive messages with
respect to users’ level of physical activity.

Approximately two thirds of usage sessions presented
exclusively either persuasive messages (30%) or



informational messages (35%). Persuasive messages led to
briefer engagement in the respective session (median=7sec,
IQR: 3-11) compared to informational messages
(median=13sec, IQR: 5-21; Mann-Whitney U=140825,
p<0.05). Moreover, users would take significantly more
time to re-engage with Habito following persuasive
messages (median=22min, IQR: 5-293) compared to
informational messages (median=13min, IQR: 2-248,
Mann-Whitney U=135533, p<0.05).

However, while persuasive messages led to greater time
until re-engagement, users would take less time to start
walking and walk for longer distances when presented
exclusively with persuasive messages (mediangmewax=29
min, IQR: 16-65, mediangancewaix=359m, IQR: 0-714) as
opposed to informational messages (mediangmewa=38 min,
IQR: 21-80, Mann-Whitney U=133181, p<0.05,
mediangisgncewak=203m, IQR: 0-493, Mann-Whitney
U=113211, p<0.05).

Informational Persuasive

13 sec (IQR: 5-21)
22 min (IQR: 5-293) *
38 min (IQR: 21-80) | 29 min (IQR: 16-65) *
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Figure 6. Users’ engagement with Habito and physical
activity (Median and IQR values) when interacting with
exclusively informational or persuasive messages.

All in all, our findings seem to support previous research on
the dual nature of persuasive messages [3]: while
instigating action in the short-term, aversion and reactance
also arise, potentially constraining long-term engagements.
Further research should employ in-situ methodologies such
as Experience Sampling to further inquire into how these
effects are mediated through users’ subjective experience,
such as a momentary decrease in users’ perceived
autonomy. Next, building upon Munson’s [30] guideline for
context sensitive messages, research should further estimate
the impact context sensing can bring to persuasive
messages on increasing the likelihood of opportunistic
behavior change and diminishing negative feelings.

IMPLICATIONS FOR DESIGN

All in all, our findings highlight the complexity of the
adoption of activity trackers. In the remainder of the text,
we discuss some implications for design.

Designing for different levels of ‘readiness’

Similar to, but even more than Lin et al. [24], we found
‘readiness’ for change to be a strong predictor of adoption.
Individuals in the contemplation and preparation stages had
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an adoption rate of 56%, whereas individuals in
precontemplation, action or maintenance stages had an
adoption rate of only 20%. This has a number of
implications for the design and evaluation of physical
activity trackers.

First, it reminds us to take into account people’s current
motivational stage when evaluating the efficacy of behavior
change technologies. Without acknowledging their
readiness to behavior change, comparisons of adoption rates
and behavior change across studies may not be meaningful.

Second, available findings suggests that current trackers are
most likely to work at intermediate stages of behavior
change, where individuals have the intention but not yet the
means (i.e. motivation, strategies) to change. This leaves
out about 57% (in our sample) of the total of potential
adopters.  Consequently, opportunities to  support
individuals in the remaining stages is a worthwhile question
for the design of activity trackers. For instance, considering
the precontemplation stage, an opportunity could be to
instill a desire for change rather than merely supporting the
process of change. Individuals in the precontemplation
stage are often unaware of the extent of their inactivity and
are, thus, unwilling to change their behaviors. While
existing trackers, if used, just confront them with this
"truth" — unblinkingly, in the disguise of a seemingly
neutral number — this may turn their initial experiences into
something negative, marked by dismay [20]. Engaging
users’ in the precontemplation stage requires an experiential
focus (see [29] for a range of techniques applied by doctors
in the precontemplation stage) — one that asks how to
increase users’ perceptions of self-efficacy and competence.

Designing for multilayered and playful goal setting

Only a third of adopters changed the default daily walking
goal. The fact that those who changed their goal walked
more, raises the question of how to motivate individuals to
reflect upon potential goals and to deliberately set one that
is challenging, but achievable. One approach might be
enforcing goal-setting. For instance, the commercial tracker
‘Basis’ asks the user to update their goal once per week.
Our results however, seem to indicate this may not be an
ideal strategy, as users did not update their goals when
recommended to do so, even though achieving their daily
goal on a regular basis.

One may attribute this low adherence to more demanding
goals as a consequence of low levels of self-efficacy as goal
achievement becomes more uncertain. In fact, previous
studies have shown that individuals pursue goals more
effectively when believing they can be achieved [25].
Activity trackers could allow multiple, simultaneous goals
to be set, thus better accounting for the complexity of daily
life. This would motivate users to pursue challenging goals
in some days, while also guaranteeing a fallback towards
more moderate, achievable goals in days that provide
limited opportunities for physical activity [25]. Finally,
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trackers could build upon persuasive strategies to raise
users’ perception of the importance of maintaining
challenging goals, while also providing reassurance and
support regarding their attainability. For instance,
opportunities to update goals could be highlighted (e.g. an
upcoming weekend or hiking trip), as well as motives
towards why goals should be updated (e.g. “setting
challenging goals can potentially lead to higher walking
distances!”).

Further, while setting a challenging, explicit goal, would be
beneficial, prior work has shown that users may have no
idea how much they should walk and how they compare to
others with similar lifestyles [20]. Forcing goal-setting in
such a situation is likely to be aversive, as goals may be set
above one’s real capabilities. One solution would be to
devise more playful strategies to goal setting. For example,
one’s daily walking goal could be set randomly (in sensible
bounds of course) like a daily "lottery". It could depend on
the weather, drift as users become more skilled with time to
make the user more curious about the goal, or it could be
imposed by his or her social network. All these would be
playful techniques to involve users into a more deliberate
reflection and goal-setting.

Designing for sustained engagement

We found 57% of usage sessions to be glances, increasing
over time to 73% by the twelfth week. Glances are brief —
with a median duration of 5 sec, spread throughout the day,
and mainly provide immediate awareness of one’s physical
activity. On the contrary, engage sessions, where users
would spend more time reflecting on the contextual and the
textual feedback, were rarer and more frequent during
moments of underachievement. As users progress towards
meeting their goals, and over time, engage sessions become
less and less frequent.

On one hand, this supports the dual nature of trackers as
"deficit" technologies that "scaffold" behavior during
particular problematic moments in time, and as
"transformational" technologies that instill and routinize
new practices to the point that the technology is no longer
necessary [12,17]. On the other hand, it highlights the
importance of very brief interactions to maintain
engagement.

While glances were frequent and became more frequent
with time compared to other types of use, users still became
gradually disengaged with the tracker. Note that this
decrease in engagement did not lead to reduced physical
activity. In fact, user engagement was negatively correlated
both with the daily distance walked and the ratio of days in
which one’s walking goal was met. Similarly to Fritz et al.
[12], our findings suggest that users come to disengage with
the tracker as they become more likely to meet their daily
walking goals. The tracker in its current form is no longer
needed. Note however the limitation of our study. We have
no knowledge as to what happened after users completely
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ceased to use and stopped logging their activity with
Habito. Research has repeatedly found that once the
intervention ceases to exist, individuals may relapse to prior
stages of behavior change (see [35] for a review). These
findings are likely to replicate in the context of activity
trackers. Keeping up a minimum of engagement with
trackers even in later stages is thus important.

But how could trackers sustain users’ engagement? We
outline below two plausible directions: creating checking
habits, and transitioning glances to moments for reflective
engagement.

Creating checking habits

How can we design behavior change technologies so that
they entice users to keep checking their data? Such brief,
but frequent interactions (i.e., glances), as we found, can
drive much of the usage of the tracker and contribute
towards sustained engagement.

Building upon recent work that highlighted smartphones’
capacity to create strong checking habits [34] — “brief,
repetitive inspection[s] of dynamic content” such as social
media updates and incoming emails, we asked: what if the
feedback provided by an activity tracker is constantly
updating? In doing so, we would sustain the informational
reward people attain from checking feedback, which is
assumed to be the primary cause of the formation of
checking habits. After all, novelty has been a well-
established strategy for sustaining engagement in a variety
of industries. Consider for instance, the computer gaming
industry as well as the airline services, which regularly
update their content to sustain user interest.

Our study highlighted that updating the tracker with novel
textual messages has the potential to sustain engagement
through getting users back to the application faster than
when presenting familiar textual messages, possibly hinting
towards the formation of checking habits [34]. While the
introduction of novel messages per se did not lead to an
increase in physical activity, our data suggests that when
coupled with persuasive strategies, textual feedback has the
potential to lead to an increase in physical activity.

Of course, novelty is not the only means to sustain
engagement. Consider for instance the first two concepts
illustrated in Figure 7. TickTock (left) visualizes when one
was physically active, but only over the past half hour. As a
result, feedback on one’s physical activity is becoming a
scarce resource [4], and checking habits might be created as
a result. As another concept, Catchup (middle) enables just-
in-time competition with one’s past self by contrasting
current goal completion (outer ring) to that attained at the
same time yesterday (inner ring). Contrary to traditional
ways of visualizing goal completion that require projection
to establish whether one will meet his or her goal by the end
of the day, Catchup provides simple, normative feedback
(e.g., “you are 200m ahead of the distance you had walked



yesterday by the same time”). As such, the user is likely to
frequently reengage with the tracker in order to reassure
herself that she is keeping up and ahead of yesterday’s
performance (see [15] for an elaboration).
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Figure 7. TickTock (left) visualizes physical activity of
only the past half an hour, thus rendering feedback a scarce
resource. Catchup (middle) enables competition with one’s
past self through contrasting current goal completion (outer
ring) to that attained at the same time yesterday (inner ring).

Predicto (right) fosters surprise by predicting upcoming

day’s walking distance from one’s sleep pattern, weekday
physical activity patterns and recent walking tendencies.

Transitioning glances to moments for reflective engagement
While engage sessions are important for reflection and,
thus, crucial to sustained behavior change, we found them
to represent only a small fraction of use and their frequency
to further decrease over time. While this could be
understood as the "natural" use cycle of a "scaffolding"
technology, one may still attempt to sustain engagement to
prevent relapse. Turning glances, which are low on
information and reflection, into engage sessions would,
thus, be a potential objective. We understand glances as
"portals" to deeper engagement with the tracker. One
possibility is to avoid providing too flexible, all-embracing
and customizable displays, but to provide well-crafted
narrative content, a single, tailored and well-crafted story.
Or better: The glanceable beginning of a story, which will
further unravel when people chose to engage further. For
instance, a smart watch may notify a user about his or her
high sedentary levels and only through further interaction
this story becomes more telling, by for example, providing
physical activity levels over the past 30 minutes, creating
more opportunities to reflect about reasons for the current
lack of physical activity (e.g., place, time, habits).

Such displays could also be sensitive to users’ current
motivational state, by providing "stories" that match the
state. For instance, we found users’ informational needs,
and consequently their interactions with the tracker, to
evolve as they got closer to meeting their goals. While early
on, during moments of underachievement, users may need
reflection and rich information, later, it may be more about
collecting extraordinary accomplishments. When repeated
days of inactivity pass by, users may need a wake up call.
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Consider for instance, Predicto (fig. 7 right), a concept of a
tracker that, with its ambiguity, aims at fostering surprise
by predicting his or her walking distance from her sleep
pattern, general physical activity patterns and recent
walking. Predicto leverages on the unexpectedness of
predictions (overestimation or underestimation) to capture
users’ attention and make sense of the data.

CONCLUSION

Our study explored the real-world use of an activity tracker.
While most studies so far focused on the effectiveness of
trackers, that is, their impact on users’ levels of physical
activity, we sought to better understand the subtleties of
how users engage with trackers and how this in turn affects
their physical activity.

We found adoption to be strongly influenced by users’
‘readiness’ concerning the required behavior change. This
is certainly one of the reasons why our adoption rate is
lower than that of early work [22,40]. The majority of prior
studies had systematically biased samples. They selected a
specific set of users that already had an appropriate level of
‘readiness’ for change [24] or provided financial incentives
as rewards for participating in the study [5,24,31]. While
such studies are useful for tailored efficacy evaluations and
greatly advanced our understanding of the effectiveness of
different design strategies, they have limited predictive
power concerning the adoption and use of a tracker in ‘real-
life’ [21]. Our study revealed the complexities of activity
tracking in everyday life, with, for example, users lacking
the motivation to set goals, interacting only very briefly
with the tracker, and revealing a profound lack of interest in
their own historical data. It further showed the dual nature
of trackers as a "deficit" technology that "scaffold" change
during particular moments in time, and as a
"transformational" technology that instills and routinize
new practices to the point that the tracker is no longer
necessary [12].

We believe activity trackers to be an example for a whole
new genre of interactive "transformational technologies"
[12], only poorly understood, yet. Detailed and naturalistic
inquiries into adoption, use, and disengagement increase
our understanding of how current versions of such
technologies are actually used. Through this deeper
understanding, we may become able to evolve activity
trackers from a "deficit" technology, providing the already
motivated with some information, into a fully-fledged
supportive technology.
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3.3 — Critical Review of the Work and Conclusions

Our study inquired into the real life adoption and use of a mobile activity tracker, and
its effectiveness for promoting physical activity. Within this section, | discuss the
relevance of initial interactions for promoting the adoption of behavior change tools,
and briefly suggest ways of motivating the adoption of these tools. Further, | critically

reflect on the approach used within our study to assess the effectiveness of Habito.
Predicting and Motivating adoption from early interactions

Our work contributed to an understanding of how the adoption of a mobile activity
tracker is shaped by users’ motivations towards behavior change. We found adoption
rates to be highly influenced by the stage of behavior change in which a user was.
Users in intermediate stages of behavior change — characterized by having the
intention but not yet the means to become physically active, had an adoption rate of
56%, whereas those in initial and advanced phases of behavior change — characterized
by being unwilling to become physically active or already having physical activity
incorporated as an intrinsically motivated practice, had adoption rates of

approximately 20%.

On one hand, these results highlight the need for taking users’ motivations in account
when evaluating the adoption of activity trackers. Without acknowledging users’
motivations towards physical activity, comparisons of adoption rates and behavior
change across studies may not be meaningful. One challenge, here, is detecting users’
motivations towards a behavior during their use of these tools (as noted in [41]).
Previous work has found that individuals have frequent fluctuations in their
motivations towards behavior change, while attempting to change a behavior. They
progress through stages of behavior change not only cyclically, but also relapsing and

jumping between stages before a behavior is discontinued [72].

The effectiveness of a tracker, and its respective design strategies for behavior change,
is likely to change in accordance to these fluctuations. Strategies based on self-efficacy
are more likely to be effective on days where one lacks motivation for physical activity;

yet, less likely to be effective on days where physical activity is a highly intrinsically
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motivated practice. Future work should focus on analysing these changes, and

investigating how to accordingly tailor the strategies employed by these tools.

Perhaps more interestingly, these results show that Habito was only adopted by a
minority of users, with many abandoning use within early interactions and days of use.
This seems to indicate a clear message: initial interactions play a key role towards
determining the successful adoption of trackers for a significant population of users.
These insights, in a way, are not a surprise. Faust and colleagues [27], for instance,
found that users which frequently use their activity trackers within the first 30 days of
use were twice as likely to continue using their device, and had on average, 11% higher
chances of adoption during subsequent months. Similarly, Meyer et al. [60] found the
long-term adoption of activity trackers to be strongly defined by users’ initial patterns
of use. In both cases, initial patterns of use were strong predictors of the adoption of

trackers.

These results seem to highlight the need for strategies to predict and promote
adoption within early interactions with behavior change tools. On one hand, a richer
understanding is needed of the factors that affect the adoption (and abandonment)
of these tools, and how they interplay with users’ use of activity trackers. Future
research could, for instance, attempt to combine data gathered from early
interactions (e.g. usage patterns, accessed features) with experiential data (e.g. users
attitudes towards behavior change), for developing a richer understanding of how
different factors impact the abandonment (or adoption) of these tools for different

people.

These insights could then, be used to design tailored feedback towards gauging long-
term adoption. Taking users’ attitudes towards behavior change as an example: when
detecting less motivation towards physical activity, trackers could present it’s user
with strategies focused on self-efficacy and competence (e.g., encouraging messages
from peers or family members); when higher motivation is detected, a focus could be

placed on strategies targeted to promote fulfillment (e.g. pursuing challenging goals).

Our own study overlooked the significance of users’ initial interactions towards the
adoption of Habito. Given the goal of our study was to assess the long-term
effectiveness of Habito, our analysis placed minimal focus on how initial interactions
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unfolded, and their role towards a longer-term adoption of Habito. For instance, our
analysis focused exclusively on data from the adopters of Habito (i.e., individuals
which used Habito at least one week). This left out a significant amount of users for
which adoption was not as successful (i.e., which used them for less than one week) —

mostly those in initial and advances stages of behavior change.

A broader analysis, focused on the initial interactions of all users could have provided
deeper insights into Habito’s adoption rates — such as why adoption varied across
individuals in different stages of behavior change, and how Habito’s design strategies
contributed to these differences. Habito’s persuasive messages, for instance, were
likely to have different motivational effects depending on one’s state of behavior
change. Individuals in initial stages of behavior change are often unwilling to adopt a
target behavior. Confronting them, within early interactions, with messages that
explicitly tried to persuade them towards a certain behavior may have instigated

aversion, and shaped their abandonment.

Assessing the proximal effects of behavior change tools

One of the main goals of our study was to investigate how Habito’s individual
strategies for behavior change influenced its users behaviors. To this end, we collected
and analyzed a rich data set arising from users’ interactions with Habito - such as the
duration and type of their interactions, and their instances of physical activity. We
adopted an experimental framing on users’ interactions with Habito towards
understanding how our device was used, and how physical activity was brought about

as the result of interacting with the different components of its system.

This approach provided at least two key advantages for assessing the effectiveness of
Habito. First, it allowed us to inquire into the proximal impact of Habito on users’
behaviors. By collecting data from users’ interactions — such as the feedback conveyed
to users within their individual usage sessions and their instances of their physical
activity, we were able to gather hundreds of daily data points from each participant,

and use this data to inquire into the short-term effects of interacting with Habito.

While traditional methods for evaluating behavior change tools (such as RCTs) have
focused on evaluating the distal effects of these tools (e.g. did a user increase their

daily levels of physical activity after using a tracker for four weeks?), the short-term

36



nature adopted in our analysis provided more immediate insights into the effects of
behavior change tools (e.g. how much time did a user take to perform physical activity
after being presented with a persuasive message?). Second, because Habito combined
a variety of different behavior change strategies, this approach provided a more

granular view of how each of its strategies impacted users’ behaviors.

Recent research has highlighted the advantages of using proximal outcomes for
assessing the individual components of behavior change systems — as opposed to the
distal effects of systems as a whole [45]. The goal of such studies is to build stronger
evidence of how and why BCSs impact individuals’ behaviors by investigating the most
immediate effects of these systems on individuals’ behaviors. For example, a proximal
outcome for a reminder system in a physical activity intervention might be the time
taken by an individual to perform physical activity, and the number of steps taken
within this activity, after receiving a notification. This information can then be used to
gain an clearer understanding of if, and how individual components of BCSs relate to
distal health outcomes (e.g. the relation between a notification system, and an
observed increase in daily step count of 500 steps). This not only allows behavior
change tools to be evaluated in relatively short studies, lasting days or weeks, but also
allow researchers to assess the how these effects change over time (as suggested in
[45]).

Mixed-method approaches for inquiring into the effectiveness of activity tracking
devices

One should note a number of limitations in our study. First, our approach inferred user
intent from people’s actions. For instance, while we were assessing the proximal
effects of an interaction — we did not control for potentially confounding factors, such
as the physical or social context of the individual. Users might have taken action upon
their behaviors due to external factors —and not necessarily due to their interactions
with their data. To minimize these effects, we suggest complementing log-data driven
studies with approaches such as micro randomized control trials. Micro- randomized
trials [46] are trials where participants are randomly assigned treatments from a set

of possible treatment actions at several times throughout the day. Micro randomized

37



trials might thus inquire into the proximal effect of treatments while accounting for

potentially confounding factors.

Second, our study provided a limited understanding of how users’ surrounding
environment impacted their use of Habito, and accounted for the impact of Habito’s
strategies for behavior change. For instance, while our study found persuasive
messages to lead to aversion and reactance, we do not know if this happened because
users had limited availability to perform physical activity when suggested to do so (e.g.
being busy at work), or because they simply felt they had already walked enough for
a current day. However, as HCI researchers move increasingly out of the lab, and
commercially available activity trackers become increasingly in people’s possessions,
understanding the context of use of these devices has never become so important. An
inquiry into the contextual factors surrounding the use of Habito could have provided
a richer understanding of the conditions under which Habito’s strategies were most
likely to be effective [63], and reduce the burden from having to engage with these

strategies when assistance is not needed or wanted.

Third, due to the purely quantitative, data-driven approach of our study, we lacked
insights into the motives that drove the use of Habito. For instance, while our study
classified users’ engagements with trackers into glance, review and engage sessions,
based on the duration of the usage session and the actions taken (e.g., whether users
checked historical data), it provided limited understanding of users’ goals within each

usage session and the reasons that led them to check the tracker.

A qualitative inquiry into the use of Habito could have provided a richer understanding
of the motivations that drove the use of Habito, and even its non-use. For instance,
while we found users’ interactions with historical feedback to concern only a small
fraction of total use — which even decreased over time, we did not investigate how
the chosen representation of historical feedback may have accounted for these
results. Future studies should focus on mixed approaches for inquiring the use and
effectiveness of these tools. By combining quantitative (e.g., usage data), with
qualitative (self-reports) and direct, in-situ observations of users’ interactions with
these devices, this approach allows HCI researchers to create robust evidence about

whether and how different strategies for behavior change work.
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Chapter 4.
Activity Tracking in vivo

4.1 - Introduction

Our study with Habito provided rich, quantitative-driven insights into how users
interact with their activity trackers in their daily lives — namely, the frequency under
which activity trackers are interacted with, the nature of interactions, and the
proximal effects of these interactions on users’ behaviors. For instance, our study
found over 70% of usage sessions to be related to glances — brief, up to 5 second
interactions with trackers. Glances were assumed to support the frequent regulation
of behaviors; people were assumed to glance to acquire frequent awareness of how
they were progressing towards their goals, and introduce new actions when needed.
These assumptions, however, were purely derived from users’ usage data. We often
lacked qualitative insights, from (or deriving from) participants, in order to confirm

such assumptions.

Further, our study captured limited insights of the interplay between the use of these
devices and the surrounding environment. For instance, while we classified users
engagements with trackers into glance, review and engage sessions, based on the
duration of their usage session and actions taken, we gained limited understanding of
how these uses were influenced by users’ settings and daily practices. Activity
tracking, however, as a practice, is strongly influenced by the context in which takes
place [57]. For example, Deborah Lupton’s concept of lively data acknowledges that
self-tracking is entangled with people’s daily lives in an evolving, and hybrid way [56].
This concept assumes that personal data takes on new meanings and values as people
purpose, and re-purpose, their data within their everyday lives. For example, when
investigating how cyclists reviewed data collected during their rides, Lupton and
colleagues found cyclists to attribute different values to their data, depending on the
context under which their trips had taken place - such as the spatial conditions (e.g.
how cold or windy it was, or the traffic conditions), or how their bodies felt at the time

a trip took place (e.g. whether they were overcoming an injury or getting over a cold)
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[58]. Sometimes, data was deemed as useless, because it failed to take into account
how tired a user was, or how bad the weather was. In other cases, data was
considered useful when it accounted for memories of their trips and their bodily
sensations. In practice, tracking is open to multiple (re)interpretations, resulting from

the different contexts under which data is tracked and interacted with.

Self-tracking, under Lupton’s notion of live data, is meaningless in itself. It is enriched
with meaning and value, as the result of complex interactions between the data
generated by these devices and the context under which tracking is carried out [57].
This holistic view of self-tracking was insufficiently examined within our own study
with Habito — as commonly within Personal Informatics literature[56]. Little
knowledge was gained as to how activity tracking is integrated in people’s everyday
lives, and how it affects people through their practices [22], an idea captured by the

lived informatics framing of Rooksby and colleagues [76].

In this chapter, | present an observational study of activity tracking that attempts to
explore the embodied nature of activity tracking — namely, how people’s use of
activity trackers is shaped by, and entangled with the surrounding environment of use.
| report on a study that combines behavioral data from trackers with video recordings
from wearable cameras, in an attempt to understand how activity tracking unfolds in
users’ everyday lives. The use of wearable cameras may seem counter-intuitive for
investigating the use of a device designed to be unobtrusive, but we found this

method to be remarkably insightful.

On one side, studies of technology in use are notoriously difficult, having to rely on
ethnographic approaches — such as observations of participants as they engage with
digital technologies, or on self-reported data - either through interviews or online
surveys (a common approach within self-tracking literature) [88]. These reports, while
having considerable strengths, rarely cover the contextual and immediate experiences
with trackers. As Brown and colleagues argument, subtle but significant interactions
with technology may be lost as the data is based on self-reports rather than actual
behaviors as they unroll within the real world [23]. This problem is emphasized when
attempting to study the use of technologies designed to be inconspicuous and largely

invisible when in use. There is no one fixed place where the use of activity trackers

40



can be observed and focusing on one aspect of use, such as explicit checking of sleep
or step counting data may lead to overlooking other interactions with these devices

[30].

Through the use of video methods, our study took a look at a number of practices that
surround the use of these tools while being used in user’s daily lives. Second, it
provided moment-by-moment details of how activity trackers and the surrounding
environment of use, are connected in use. | discuss the methodological considerations
of this approach, and conclude with suggestions for how this method may be

employed to further our understanding of activity tracker use in practice.
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4.2 — Activity Tracking in vivo

This article is organized in four main sections. The first section presents a review of
three different methodological approaches for the inquiry of activity tracking: in the
wild, in everyday life and in vivo. We argue that early research on activity tracking has
mostly focused on assessing the impact of these tools for changing people’s behaviors,
while recent research has increasingly focused on investigating the real-life practices

emerging from owning and using an activity tracker.

The second section describes a study in which we use video methods to investigate
some of the motivations that drive the daily use of activity trackers, and how this is
shaped by different contexts of use. 12 individuals were provided with wearable
cameras and monitored two days in their lives, collecting in total, 244 incidents where
trackers were used. These recordings were combined with behavioral data from
trackers as well as interviews, providing a detailed view on a number of practices that

surround tracker use in daily life.

The third section presents our findings and discussion of our results. Our findings are
split into two main sections: First, we provide an overall analysis of the basic functions
of the different trackers used by our participants, and how they were used. This is
followed by a deeper analysis of the role of trackers in users’ everyday activities and
routines. Our paper concludes with a proposal of three directions for the design of

activity trackers.

This article was published in CHI 2018 [33] with co-authors Dr. Evangelos Karapanos
and Prof. Dr. Marc Hassenzahl. | led the field study, as well as the collection and
analysis of data. The paper was written collaboratively with Dr. Karapanos. The

manuscript was revised by Prof. Dr. Marc Hassenzahl.
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ABSTRACT

While recent research has emphasized the importance of
understanding the lived experience of personal tracking,
very little is known about the everyday coordination
between tracker use and the surrounding environment. We
combine behavioral data from trackers with video
recordings from wearable cameras, in an attempt to
understand how usage unfolds in daily life and how it is
shaped by the context of use. We recorded twelve
participants’ daily use of activity trackers, collecting and
analyzing 244 incidents where activity trackers were used.
Among our findings, tracker use was strongly driven by
reflection and learning-in action, contrasting the traditional
view that learning is one of deep exploration, following the
collection of data on behaviors. We leverage on these
insights and propose three directions for the design of
activity trackers: facilitating learning through glances,
providing normative feedback and facilitating micro-plans.
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INTRODUCTION

Over recent years, physical activity trackers have received
an upsurge of interest both in research and practice.
Consumer interest in commercially available devices has
tripled over the last couple of years [45]. Ownership rates
followed similar trends, with one in every two U.S adults
claiming to own, or have owned, an activity tracker [44].
This trend is accompanied by a rhetoric about the potential
health benefits gained from the use of these devices.
Individuals have been found to walk more [9], lose weight
[2] and feel more in control of their behaviors [8] when
consistently monitoring their step count. These benefits
seem to prevail over months or years of continued
monitoring [2,50].
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However, more critical research repeatedly pointed out the
complexity of tracking as a social practice and called for a
deeper understanding of how trackers become a part of
people’s everyday life [see 16,18,47]. For instance, our
understanding of self-tracking practices has moved beyond
the conventional vision of trackers as mediators of change
[10,47]. Trackers are used to understand routines, learn
something out of interest or simply have fun and satisfy
curiosity, as opposed to a stricter regulation of behaviors.
Activity tracking happens alongside other daily activities.
Users consult their trackers to gain momentary insights in-
situ, when involved in an activity, as opposed to the
conventional idea of deep, retrospective explorations of
own data [23,47].

Unfortunately, most of the research highlighting the
complexity of activity tracking as social practice relied on
self-report data, gathered either through interviews or
online surveys. Typically, participants are asked to recount
typical use patterns and resulting experiences. These
reports, of course, suffer from potential recall and social
biases. For example, the interplay between technology and
the particular context of use may be lost when studies solely
focus on self-report [35].

In this paper, we report on an in vivo study of activity
tracking. We provided 12 individuals with wearable
cameras and monitored two days in their lives with
tracking. We combined these recordings with behavioral
data from trackers as well as interviews, providing us with a
detailed view on how trackers are used in everyday life.

In the remainder of the paper, we will first provide an
overview of empirical studies of activity tracking. We
identified three methodological paradigms: the study of
activity tracking in the wild, in everyday life and in vivo.
Second, we describe a number of practices that surround the
use of activity trackers. Most notably, we find tracking to
be driven by reflection and learning-in-action rather than
by learning through retrospective, deep exploration. Third,
we leverage these findings and propose three directions for
the future design of activity trackers: facilitating learning
through glances, providing normative feedback on goal
accomplishment, and facilitating micro-plans.

BACKGROUND

In this section, we discuss three paradigms for the inquiry
of activity tracking: in the wild, in everyday life, and in
vivo.
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Activity tracking in the wild

Early studies of activity tracking often entailed the design,
development and field trial of a novel research prototype.
Driven by a theoretical concern, their goal was to assess the
efficacy and user acceptance of the prototypes and their
underlying design strategies. For instance, Consolvo and
colleagues explored how mobile technology can motivate
physical activity through social influence [13], goal-setting
[38] and glanceable displays [14]. In [14], for instance, they
designed UbiFit, a mobile application to provide feedback
on one’s physical activity through a glanceable, stylized
representation on the background of a mobile phone, and
employed it in a study with three experimental conditions to
assess its impact on activity. More recent work has helped
to untangle the design space of glanceable displays through
the iterative design and analysis of twenty-one concepts of
glanceable physical activity feedback [22]. Four of those
concepts had been further prototyped and deployed in a
comparative month-long study, inquiring into how users
engaged with each prototype, the immediate impact on
physical activity, and users’ perceptions.

In the wild studies have been, and still are, instrumental to
the development of the field. They move evaluation out of
the lab, enabling the evaluation of novel technological
systems in natural settings. Through quasi-experimental
setups, and mixed-method approaches, they provide early
insights both on which strategies work best, as well as why
they work. However, these studies are limited in a number
of ways. First, due to the complexity of the trial, and the
technological limitations imposed by the maturity of the
prototype, these studies are small in sample size and
duration, typically involving 5 to 30 participants over a
duration of 3 weeks to 3 months [51]. Second, participants
are typically given a prototype, rather than purchasing a
product on their own, and are incentivized to use the
prototype for the duration of the study, which reduces the
ecological wvalidity of the study. Third, studies often
featured a specific set of users with an already appropriate
level of ‘readiness’ for change [33]. As a result, while these
studies are extremely useful as efficacy evaluation of
different design strategies [29], they have limited predictive
power over the adoption and use of a tracker in ‘real-life’.

The study of activity tracking in everyday life

With the widespread adoption of commercial activity
trackers, researchers have increasingly shifted attention to
the study of peoples’ real-life practices emerging from
owning and using a tracker. The focus of respective studies
is not on the effectiveness and the efficiency of the
technologies, but on how users appropriate those
technologies, and how adoption, or non-adoption, is shaped
by the context of use. Researchers produced models of how
people use self-tracking tools informed by qualitative
inquiry [16, 32]; investigated how people lapse and
abandon these devices [29]; explored the ability of trackers
to align with users’ motivations and desires [25, 28]; and
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investigated tracking practices in everyday life [10,18,47]
and in specific contexts, such as the workplace [11].

Most of the studies have been qualitative in nature, relying
on users’ self-reports, either through interviews or online
surveys. For instance, Fritz et al. [18] interviewed 30
participants who purchased a tracker of their own volition
and used it from 3 to 54 months. Their study revealed how
the practices that surround long-term tracking were
different from those of early adoption, and how non-
beneficial practices were afforded by the design of the
technology, such as “number fishing” which turned exercise
from a meaningful intrinsic endeavor into an extrinsically-
rewarded activity. Rooksby et al. [47] interviewed 22
people two times, separated by a month, and found five
different motives for tracker use, from directive, to
documentary and diagnostic tracking. Karapanos et al. [28]
used a psychological needs framework to inquire into
memorable experiences of 133 users through an online
survey. Their study highlighted that tracking has a nuanced
social component, from the sense belonging and social
support provided through the online communities, to the
stronger more direct social exchange among family
members, when they purchased a tracker for a relative and
joined in their efforts towards a better, healthier self.

Some studies leveraged the value of secondary data. For
instance, Clawson et al. [12] analyzed 1600 advertisements
of personal health tracking technologies on craigslist and
found that individuals often abandon these, not due to
technologies’ failure, but often because they achieved their
goal (e.g., lost weight), they desired an upgrade to a newer
model, or because of unanticipated changes in their life
(e.g. surgery). Choe et al. [10] analyzed video-recordings of
Quantified Self talks and found that individuals often had a
specific, personal, health-related goal, such as finding
triggers for an allergy or the right drug dosage.

Other quantitative studies logged users’ activities and
interactions with the tracker in everyday life. For instance,
Gouveia et al. [21] monitored the engagement of 256 users
with an activity tracker called Habito, and its impact on
users’ physical activity over a period of ten months. They
found that users rarely look back at their performance data.
Over 70% of the interaction had been glances: brief, 5-sec
sessions where users called the app to check how much they
had walked so far without any further interaction. In
addition, they found that current physical activity trackers
work only for people in intermediary stages of behavior
change (i.e., contemplation, preparation). Those displayed
an adoption rate of 56%, contrary to that of 20% for people
being in the remaining stages (i.e., precontemplation, action
or maintenance). Moreover, contrary to a common
assumption in personal informatics literature and Goal-
Setting Theory [34], only 30% of users set their own daily
step goal, while 80% of users who did so, never updated the
goal again. Similarly, Meyer et al. [36] analyzed the
behavioral data of 104 activity tracker users, over 14,413
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days of use and found periodic breaks, lasting from a
couple of hours to a couple of days, to be the norm in the
use of activity trackers. They identified different patterns
for activity tracker use such as try-and-drop, slow-starter,
experimenter, hop-on hop-off, intermittent and power user.

Studies of activity tracking in everyday life advanced our
understanding of how trackers are embedded and
appropriated in users’ routines. Due to their inexpensive
format, qualitative studies based on interviews, surveys and
secondary data, have inquired into the long-term adoption
of and experiences with activity trackers, while
quantitative, interaction logging studies provided a more
realistic picture of how people actually engage with
trackers, through the behavioral observation of many users,
who acquired the trackers of their own volition, and used
them over prolonged periods of time.

However, these studies are limited as well. As most of the
studies rely on self-reports, asking people to retrospect on
typical use patterns may suffer from recall bias [24].
Insights on actual behaviors and experiences are likely to be
forgotten, overlooked, or avoided. While quantitative
behavioral studies provide a more accurate picture of users’
interactions, they provide an only limited understanding of
the context that surround its use and the motives that drive
it. For instance, while Gouveia’s et al. [21] study classified
users’ engagements with trackers into glance, review and
engage sessions, based on the duration of the usage session
and the actions taken (e.g., whether users checked historical
data), it provided limited understanding of users’ goals
within each usage session and the reasons that led them to
check the tracker. As argued by McMillan et al. [35], “the
coordination between technology and the surrounding
environment of use may be lost when studies as solely
focused on self-reported [and remote observation]
methods.”

The study of activity tracking in vivo

Motivated by the limitation of self-reports and remote
observational studies of activity tracking, researchers turned
to the use of video methods and direct, in-situ observation
of users’ interactions with activity trackers.

Patel and O’Kane [40], for instance, combined participant
observation with interviews, to better understand how
individuals use technology while exercising at the gym.
Participants were asked to verbalize their thoughts and
feelings while engaging with technology during a workout
regime (e.g. engaging with the display of a treadmill or an
activity tracker), while observed by a researcher. Similarly,
Gorm and Shklovski combined participant observation with
semi-structured interviews to better understand how
trackers were used within a step-count campaign in the
workplace. The first author participated in participants’
“work meetings, sat at a desk allocated to her in the open
office space alongside the employees, joined in the lunch
breaks, department meetings and Friday breakfasts, and
generally partook in the daily life of the office during 12
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workdays” [23, p.151]. By using an in-situ approach, both
studies provided insights into how trackers were used in
these specific contexts.

While these studies are prime examples of in-situ inquiry,
shadowing an individual over the course of a full day seems
infeasible and may constrain how interactions with
technology naturally occur [40]. One solution is the
approach taken by Gorm et al [24]. They used a participant-
driven photo elicitation method. Twenty-five novice users
of trackers took photos of their “private” self-tracking
experiences over the course of five months. Participants
were instructed to take photos of events or experiences they
felt were related to their activity tracking and send them via
e-mail to the first author once a week and to include one or
two sentences describing the photo or any thoughts they
might like to share. Participants further reflected on their
pictures in a follow-up interview, explaining why they took
a certain photo. One of the identified limitations was the
long follow-up time of interviews (in some cases, pictures
were analyzed nearly 5 months after having been taken), as
some participants had difficulties to recall the reasons that
led them to capture a certain picture. Moreover, this method
is limited in the sense it only highlights practices that are
chosen to be shared by users, and in that they provide only
a limited snapshot.

To counter for those limitations, Brown et al. [7] proposed
the use of video methods in the study of mobile technology
in everyday life. Mondada [37], for instance, used video-
recordings to understand how phone calls unroll in work
settings. Individuals were found to engage in multi-
activities during calls, which could be interrupted,
suspended, accelerated or perturbed by incoming calls.
McMillan et al. [35] used video recording to understand
how the use of the mobile phone becomes integrated into
ongoing activities (e.g. how maps are used for route-
finding), while Pizza et al. [42] examined how different
features offered by smartwatches (e.g. time, notifications,
activity tracking) were used in users’ daily lives. Video
methods offer naturalistic, visual perspectives on the use of
technology as data are collected in-situ [37]. Moreover,
these video logs may be revisited [26], thus creating the
conditions for more precise recall of activities of interest,
and allowing researchers and participants to become aware
of aspects that might have been overlooked.

Despite the premise of video methods, according to the
authors’ knowledge, such methods have not been employed
in the study of activity tracking yet.

AN IN VIVO STUDY OF ACTIVITY TRACKING

Participants

Twelve individuals were recruited in the study (5 female, 7
male, median age=28, min=21, max=41). They had all been
using an activity tracker already for a minimum of 4 months
(max=14, median=7 months). Our goal was to understand
the practices surrounding these devices even after months
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of use. All participants were Portuguese. Nine had a full-
time job, three were students.

Table 1. Summary of participant information

Device I\g:zz};s Age Gender Occul{)aﬁo bse:}?gf'i:])l; ]z:‘ei:]y
change goal
PI HR 9 33 M Professor Action 12,500
P2 HR 6 30 F Teacher Main. 18,000
P3 HR 4 23 F Usability Prep. 9,000
P4 HR 5 26 M Research Cont. 8,800
P5 HR 7 31 M Security Main. 15.000
P6 HR 5 22 M Student Cont. 12,000
P7 HR 8 29 F Retail Main. 13,000
P8 Flex 14 41 M Lawyer Main. 11,500
P9 Flex 7 25 M Student Prep. 15,000
P10 Flex 10 38 M Designer Prep. 8,500
P11 Flex 4 24 F Student Prep. 11,000
P12 Flex 6 21 F Designer Main. 12,000

The recruitment took place through local mailing lists and
social media. We limited our search to Fithit users to
facilitate the comparison among participants’ practices.
However, we included two different versions from the same
brand, varying considerably in features. Seven participants
owned a Fithit Charge HR and five a Fitbit Flex. Fitbit Flex
displays users’ step count through five LEDs, each lighting
up for achieving 20% of a daily walking goal. Fitbit Charge
HR displays a wider range of metrics on users’ physical
activity — i.e. numerical step count, heart rate, caloric count,
distance and floors, as well as the time and notifications on
incoming calls. Users navigate through these metrics by
tapping the Charge HR, or clicking on a side button (as
seen in Figure 1). All HR users had the time as their
primary watch face — having to click, or tap on their device
to see physical activity feedback. These distinctions are
taken into account when interpreting the results of our
study. Both devices offer more elaborate feedback on
physical activity, such as visualizations of one’s step and
sleep data over time, through a mobile and web application.
Our analysis is constrained to the use of the wristband. We
focused on the wristband, as prior work has shown that
tracker usage is confined to short interactions [21], where
users check their current activity levels with no further
exploration of data.

We did not sample for participants with specific levels of
physical activity or fitness and health goals. However, in
line with previous research [21], we measured participants’
stage of behavior change towards physical activity [43] in
an attempt to understand how individuals’ commitment to
exercise influenced their use practices. As expected, our
recruitment was biased towards physically active people:
six out of twelve were in advanced stages of behavior
change (i.e. action and maintenance), with the remaining in
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the intermediate stages (i.e. contemplation and preparation).
Most set a higher daily walking goal than the 10K steps that
are typically suggested by medical practitioners [49]
(median = 12,000). All participants were rewarded with a
40€ voucher for taking part in the study.

3

Figure 1. Fitbit Flex (left), Fitbit Charge HR (right)

Method
Our study consisted of two phases: a recording and a
reconstruction phase.

Recording phase

Throughout the recording phase, participants carried a
Xiaomi Yi wearable camera and a bag, containing an
external battery bank, allowing for up to 8 hours of video
recording. The camera was mounted vertically, slightly
above the chest of the participant. This setting allowed us to
capture participants’ interactions with their tracker, as well
as the environment (see Figure 2).

Figure 2. Participants wore a camera during two days,
providing insights into how tracker use unfolds in daily life

The first author conducted a meeting with all participants,
in which he introduced them to the study apparatus.
Participants were given a camera and asked to record on
two days for eight hours, between 9am and S5pm.
Participants were told to turn the camera off when they felt
they needed privacy. They were free to choose the day in
which they wanted to start recording. At the end of each
day, the researcher met them to collect the recordings and
to discuss any technical problems. Due to technical issues,
two participants were only able to record approximately six
hours of footage on their second day of recording.

We edited the video footage and extracted incidents in
which participants interacted with their activity trackers.
We refer to those as usage sessions. A usage session was
defined by the moment in which the user brought the
tracker at eyesight, to the moment the participant lowered
his arm to its original position (similarly to [42] and [22]).
We also extracted the fifteen seconds preceding, and
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following a usage session, in an attempt to gain insights on
the aspects that lead up to and followed each usage session.
We logged the duration, time of occurrence and nature of
use of the session — i.e. where a session took place, who
was present and what feedback was checked during a
session (as in [31]). Each daily footage was edited by at
least two individuals, immediately after being collected. We
found no incidents of participants removing their tracker,
either temporarily or permanently, during the recording.

Finally, we collected, and analyzed participants’ physical
activity data during recording. Participants were asked to
log into the Fithit API and grant access to their step count
data. We used the Fitbit Intraday API to collect minute-by-
minute data of participants’ step count, as well as the
corresponding levels of intensity for each minute —
sedentary, lightly active, moderately active and vigorously
active (as described in [19]).

Reconstruction phase

On the third day, participants took part in an interview.
Participants were presented with their usage sessions and
asked to recall these moments, focusing on the reasons that
led them to interact with their tracker and how they thought
the surrounding environment (e.g. location, ongoing
activity and people) shaped their action. Participants were
also asked to describe what they were doing prior to
interaction. Insights were attached to the corresponding
usage session.

Inspired by the Day Reconstruction Method [27], we
displayed usage sessions chronologically, featuring the time
in which they unfolded. Prior work has found temporal
cues, such as timestamps in pictures or videos, to assist in
the recollection of events and prevent misjudgments, such
as the temporal misplacement of such events [20]. Video
footage supported a more specific recall of the moments in
which participants engaged with their trackers [20] and
allowed them to take the leading role in the interview and
provide their own insights into how usage unfolded. Each
interview lasted about of 40 minutes.

The analysis of interviews grows out of thematic analysis.
Interviews were transcribed, coded and organized into
emerging themes (closely following the phases of thematic
analysis suggested in [6]). Iterative rounds of discussion
and refinement were performed between authors, looking
for salient themes from interviews and observations of
usage sessions. The prevalence of each theme was
measured by counting the number of occurrences in which
a theme appeared in the reflections of a usage session.

FINDINGS AND DISCUSSION

Tracker use

We collected 184 hours and 15 minutes of footage from all
participants. Each participant recorded about 15 hours of
footage. Participants were found to interrupt recording
during situations considered inappropriate and in which
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they did not feel comfortable in wearing the apparatus (e.g.
in a bathroom or work meeting).

A total of 244 usage sessions were identified. 82% (201 of
244) referred to the Fitbit HR, while 18% referred to Fitbit
Flex (43 of 244). Participants engaged with the HR (N=7)
for a median of 1.8 times per hour (IQR=1.7-1.9), while
they engaged with the Flex (N=5) for 0.6 times per hour
(IQR=0.4-0.7). A Mann-Whitney test revealed a
significantly higher frequency of engaging with the HR
(Mann-Whitney U=0, p<.01) as compared to the Flex.

While HR owners were found to engage more frequently
with their devices, this did not mean they checked their
physical activity more often. We grouped each individual
usage session with the HR into three distinct categories,
regarding the feedback offered by this device: a) sessions in
which participants checked the time and engaged no
further, b) sessions in which participants checked physical
activity feedback and the time, and c) sessions in which
notifications on incoming phone calls were checked. We
further logged the time spent within each of these screens.
An overview of this data is displayed in Table 2.

Approximately half of the usage sessions with the HR were
time checking, with no engagement with further feedback
(102 of 201, 51%). Physical activity related feedback was
checked in approximately one third of usage sessions (65 of
201, 32%), while 11% (22 of 201) were triggered by
notifications from incoming phone calls. The screen was
not visible in the remaining sessions (12 of 201, 6%).

Table 2. Hourly checking rates and duration for different
types of feedback checking

Fitbit HR Fitbit Flex
Hourly Duration, Hourly Duration,
Tracker use checking in sec. checking in sec.
rate (IQR) (IQR) rate (IQR) (IQR)
Time 0.9 2.1
(0.8-1.1) (1.7-2.7)
Physical 0.6 4.9 0.6 2.8
activity (0.6-0.6) (3.4-6.7) (0.4-0.7) (2.2-3.7)
. 0.2 3.5
Notifications 0.1-0.3) (2.4-4.1)

Physical activity checking, with the HR, was not an isolated
practice from time checking. Participants engaged with
their trackers for a median of 5 seconds when checking
physical activity feedback. Time checking accounted for
approximately 25% (IQR=0-50) of the duration of these
sessions (median=1.7sec). Only in 39% of the sessions
(n=25) users spend less than a second in time checking.

As one may note in the data, while users engaged more
frequently with Fitbit HR, no significant differences were
found in the frequency of checking physical activity
feedback between the two devices (Mann-Whitney U=16.5,
p<.05), despite the the wider range of metrics offered by the
HR (i.e. numerical step count, heart rate, distance walked,
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caloric count and floors climbed). Participants however,
had longer usage sessions when checking their physical
activity feedback on the HR, as compared to the Flex
(Mann-Whitney U=0, p<.01; see Table 2).

Interaction to accomplish goals

Participants were more likely to engage with physical
activity feedback when being physically active, as
compared to when engaging in sedentary behaviors (see
Table 3). In fact, participants checked their trackers 1.1
(IQR=0.8-1.3) times per hour while physically active, and
only 0.3 times per hour while sedentary (IQR=0.2-0.4,
Mann-Whitney U=10, p<.01).

Table 3. Engagement with physical activity feedback over
different levels of physical activity

Level of Hours spent, of Hourly Duration, in sec.
physical activity 18h of recording  checking rate (lQl’l) )
(% of sessions, IQR) (IQR) (IQR)
(33502‘,161%‘%% ) 9.6 (8.6-10.6)  0.3(0.2-0.4) 43 (2.9-6.0)
(L317g02ﬂ1y s 46(41-54)  08(02:09)  3.4(22-59)
“E';g;:“tflly :g%e 14(13-1.6)  15(07-27) 3.6 (2.8-4.7)
Vigorously active 0.4 (0.2-0.5) 2.7 (0-6.9) 3.7 (3.1-4.2)

(11% , 0-28%)

We found engagement during moments of physical activity
to be linked to participants’ desire to maintain or achieve
optimal levels of performance. Participants often set strict
goals, and engaging with the tracker served to ensure the
goal was achieved before an activity was finished, e.g.:

[P9] “it felt like I had been walking forever, but I wanted to
be sure I was already there (3km goal) before heading back
home”.

Figure 3. Users were nine times more likely to check their tracker
during vigorous physical activity than when sedentary. Such
engagements increased in frequency near goal completion and
fueled users’ motivation to meet their goals

Such engagements increased near goal completion and
fueled participants’ motivation to go beyond their levels of
comfort in order to meet their goal, e.g.:

[P9] “the smell of the finish line kept me going... it’s all
good after I hit those numbers”.

Trackers were also used to mediate the impact of an
upcoming course of actions, regarding target behaviors. P7,
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for instance, was found to engage in heart rate checking
before adjusting the speed of a treadmill (see Figure 3):

[P7] “it gives a sense of security... seeing that you’re doing
OK... sticking to your target, before taking that next step”.

Learning in a glance

We found that glances serve towards learning gains. All
participants, except one, were found to check their activity
levels during, as well as right before the start and after the
end of a particular activity, such as household chores [P3],
commuting to work [P2], or doing groceries [P11] to gain
insights on these activities (see Figure 4). These strategic
engagements occurred frequently, accounting for
approximately one third of participants’ usage sessions
(median=37%, IQR=22-67%).

[P11] “T am still surprised to learn how many steps I get
each day with little things like chores around the house or
walking around with my dog. Seeing these little things
keeps it simple and interesting”

Figure 4. Trackers were checked strategically towards gaining
insights on behaviors — such as right before starting, and after
finishing walking a dog, to know how many steps were gained.

This strategic engagement with the tracker hints at a second
path to knowledge, next to the deep exploration of past
activity data through rich visualizations, one that is more
flexible and that can better account for the complexity of
daily life. For instance, while a tracker may segment
physical activities based on location or time, users’
inquiries were often more specific (e.g., how much did I
walk while doing household chores). Moreover, participants
frequently commented on the variability of even daily
routine activities.

[P2] “... It depends on so many things, I might get some
cleaning done if I wake up earlier, or be in a hurry and just
have time to get dressed and leave, or even leave earlier
than usual to run some tasks”

Three participants (P1,P2,P5) were found to track such
routine activities to uncover the impact of their variability.
P1, for instance, engaged with his tracker when arriving at
work — to check for variations in his step count, due to a
detour in his daily commute to work (see Figure 5).
Another two (P3,10) were found to engage with their
tracker when anticipating variations to a routine activity.
For instance, P3, a primary teacher, engaged with the
tracker before and after her class, to measure the physical
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activity gained while students performed an exam. These
sessions accounted for one fifth of participants’ sessions
(median=20%, SD=11-20%), indicating that routines are
subject to frequent change (as indicated in [17]), with
individuals searching for information towards repairing,
striving or expanding routines affected by change:

[P3] “I was wondering how many steps I’d get in the class,
with the exam going on... checking it before (the start of
the class), helped me set a baseline... to come back and see
how many steps I gained”

Non-routine activities also led to such strategic engagement
with the tracker, geared towards learning. P12 checked his
tracker before and after taking a hike, while P6 used the
same strategy to track his steps while helping a friend with
moving his furniture to his new house.

[P6] “... T was curious to see how much we walked and
decided to make some bets (...) surprisingly, we had more
than 10,000 steps! My guess wasn’t even close”

Figure 5. Trackers were used to uncover variations in routine
activities. Examples ranged from checking how many extra
steps were gained after taking part in a longer-than-habitual
workout (left), and during a detour to work (right).

Glancing at physical activity and time concurrently

We noticed that participants would often glance at the time
and their physical activity levels concurrently, or very
closely after each other. Approximately half of each
participants’ engagements with physical activity feedback
on Fitbit HR followed time checking (median=44%,
SD=25-56%), for at least 2 seconds (median=3.2, SD=2.7-
3.7). Participants often commented on the impulsiveness of
their engagement with physical activity feedback.

[P5] “... it happens again and again. I check the time, but
get dragged to my step count or the distance...it’s a click
away”’

Moreover, we found that 20% of the sessions in which HR
users engaged with physical activity feedback (N=65) were
either preceded (9 of 13) or followed (4 of 13), within the
following 15 seconds, by a usage session in which they
checked the time.

We noticed three, interweaving reasons which led users to
combine time and physical activity feedback within single
or shortly separated sessions: a) assessing the attainability
of goals, b) planning future activity, and c) reflecting on
activity levels.
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Assessing the attainability of goals

Time-checking served to estimate how likely one was to
meet a daily goal given the distance walked so far. As one
participant noted:

[P1] “... it’s not only about how many steps I’ve gained,
but also how much time it took me to get there... and how
much (time) [ still have to complete my goal”

In this respect, users developed a strategy to counteract the
inefficiency of the tracker. While the tracker merely
provided descriptive data (i.e., how much they had walked
by that point in time), users desired normative data (i.e., “is
this good enough?”). During the interviews, we realized
that users often had a strong awareness of how much they
should have walked by a given point in time in order to
meet their goal. For instance, P7 noted:

“On a normal day, I should have 7,000 steps by mid-day...
10,000 around 5 [pm], and 12,000 around 8 [p.m]”

Further, users would also often think about their upcoming
plans to estimate the likelihood of meeting their goal.

[P5] “I was going to spend the whole day sitting on my
butt, so I knew it was a long shot [reaching step count goal].
There was little space to make up for it, having to pick up
the kids from school, cooking, cleaning”

Figure 6. Users often combined PA feedback with time
checking to estimate the likelihood of meeting goals. While
trackers merely provided descriptive data (i.e., how much was
walked by a point in time), users desired normative data (i.e.,
is this good enough?).

Planning future activity

Besides estimating the likelihood of meeting their goal,
users would often use interaction to plan future activity,
accounting for half of the sessions in which each participant
combined time and physical activity checking
(median=50%, IQR=25-67%). Such plans would vary in
their temporal proximity and extend, from small detours in
the near future such as grabbing some water while waiting
for the printer, to ones more significant and distant in time,
such as reaching 1000 steps in the next hour, or planning a
visit to the gym for the evening, e.g.:

[P1] “I try getting out of the office on my afternoon
breaks... to make up for heptic mornings. If my steps are
low I’1l say to myself ‘lets try to get 1000 steps done in the
next hour’... other days 200 will be enough. It depends on
how I’'m doing so far”
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[P10] “T can’t - and don’t want to stop work or being with

my family to walk every time my step is lower than I expect
(...) it does, however, get me thinking about how I can get
some steps in (...) a longer walk home, taking a dog for a
walk after work.”

While in some cases these plans were followed strictly
(e.g., meeting one’s 3000-step goal before getting off the
treadmill), in most of the cases, the plans were flexible and
responsive to the variability of users’ routines.

[P10] “my rule of thumb is to have 1000 steps for every
hour spent at work, but you never know, it might be a
busier day (...) I’ll tell myself ‘ok, let’s take a 10-minute
break’ and go for a walk if I see I'm falling behind”

In those circumstances, users would often adjust their
expectations, or form new plans, when the opportunity
arose in order to fulfill their plan. For instance, P2 was not
near fulfilling her plan as she waited for her friends, she
checked the time, and she realized she had 10 minutes for a
short walk before her friends were due to arrive.

Figure 7. Users maintained an awareness of their activity
levels and formed micro-plans such as grabbing water while
waiting for the printer, or walking 1000 steps in the next hour.

Reflecting on activity levels

Participants also combined time and physical activity
feedback to reflect about points in time, or activities, laying
in the past — such as activity levels over a day, or within
previously performed activities (e.g. looking back at the
steps one has performed while at home [P4], or at the gym
[P5]). PS, for instance, engaged with his tracker - while on
vacations, to reflect on the amount of physical activity he
had managed to include in his morning, and how this
compared to his typical morning activity levels.

[P2] ““... 5000 steps by 10am! with the vacations going on, |
had no clue of how many steps to expect... it got me
thinking of where I got them from. Probably from all the
walking around the house or the late dancing”

Others engaged with time and physical activity feedback
data to assess their performance in recently performed
activities. P5, for instance, checked his step count and time
before and after a jog, reflecting on the amount of steps
gained within that timeframe: “3km in 20 minutes. pretty
slow today”.
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Mitigating waiting time and alleviating boredom

Participants were found to engage with their physical
activity feedback during “dead times” [40, pg. 9] - such as
commuting via public transport, or waiting for an upcoming
activity, accounting for approximately 10% of the sessions
in which physical activity feedback was checked
(median=11%, IQR=3-24%). “Dead times”, as considered
by Perry et al., refer to the time that occurs between tasks
and activities, in which participants have little control over
the resources they had to hand. P3, for instance, was found
to check her step count while waiting for a bus. P1 checked
his step count and time while waiting for a printing service.

[P1] “I try to get 12,500 steps before leaving work... there
are moments, here and there where I try to get some steps if
I see myself really behind... like grabbing some water
while the printer is working, but I’11 only bother if I’'m more
than 2000 or 3000 steps away”

P2 engaged with his tracker while waiting for a client
meeting.

[P2] “I played around with it while I was waiting. (...) it
helped kill the time, I didn't have much to do (...) I rather
spend my time checking and thinking of my health then
checking what other people are doing on Facebook.”

Others were found to engage in tracker checking to
alleviate boredom. P9 checked his tracker while in class; P3
while taking part in a meeting.

Figure 8. Participants were found to turn to their trackers to
help mitigate waiting time . While engaging shortly with
trackers, these led to longer-lasting refletions on one’s data.

Contrary to the user-initiated engagement with physical
activity data during “dead times”, users often commented
upon engagement anxiety during cognitively demanding
tasks. Engagement with physical activity data was seen as
an activity competing for resources — not necessarily due to
the time spent within usage sessions, but due to the
potential outcome of checking, such as feeling pressured or
enforced to keep up to a certain walking goal, disregarding
their ongoing availability (e.g., [P9] “it’s keeps me asking if
I've done enough, and pushing me to do more. it gets tiring
after a while). In fact, two participants (P8, P9) noted that
they avoid checking their trackers during activities that
demanded their focus, such as computer programming and
during meetings. All in all, these results highlight the
variability of daily life and the need for systems that sense
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and adapt to users’ context. On the one hand, trackers need
to be more accommodating, accepting that not all moments
are equal and be less demanding in situations that offer little
opportunity for physical activity. On the other hand,
trackers may leverage “dead times” into opportunities for
engaging with one’s data, learning from past behaviors, and
even motivating short bursts of physical activity.

DISCUSSION

Our findings suggest specific design considerations, such as
facilitating learning through glances, providing normative
feedback on goal accomplishment, and facilitating micro-
plans.

Facilitating learning through glances

Personal informatics literature has assumed two primary
modes of interaction with respective systems, guided by our
reflective versus our impulsive thinking and decision
making systems, respectively [48]. The reflective mode was
long assumed to be the dominant mode of interaction:
people would collect data, then explore and review them in
retrospect (i.e., days, weeks), to identify patterns in their
behaviors and plan alternative future courses of action. As
such, most of today’s personal informatics tools support
this process through the high-level aggregation of data over
time (e.g. step count over a week or a month) and
considerable amount of efforts have focused on the design
of personal visualizations to support reflection,
interpretation and reminiscing based on data [15].

In contrast, the impulsive mode assumes people to process
data and take action quickly and unconsciously. From a
design perspective, the shifts emphasis from supporting
learning to supporting the self-regulation of behavior [1,
22]. Recent research has highlighted the prevalence of the
impulsive over the reflective mode. Gouveia et al. [21]
found over 70% of usage sessions with a tracker to related
to the so-called “glances” — brief, 5-second sessions where
users checked their current activity levels with no further
exploration. Glances were assumed to support the frequent
regulation of behavior; people would estimate how likely
they are to meet their activity goal by the end of the day,
and introduce new actions when needed.

Our study, however, revealed that such glances may also
serve towards learning. Participants were found to check
their activity levels right before the start and after the end of
a particular activity, such as household chores or
commuting to work, with the goal of understanding their
actual and potential contribution to their physical activity
levels. Such interactions occurred frequently, accounting
for approximately one third usage sessions. This points at
the need to develop mechanisms to support learning
through these frequent glances.

One could imagine intelligent systems - identifying
significant correlations among users’ data (as in [4]) or
feedback that adapts to the particular context of use. But
while current technology may help disentangling physical
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activity in relation to one’s location or time of the day, we
noticed that participants’ inquiries were often simple, yet
more precise. More than wanting to know how much they
had walked at a certain venue (e.g. work), they wanted to
gain specific insights into performed activities (e.g. how
much did I walk while doing household chores?). Inferring
the start and end time of such activities would be difficult
given today’s technology. We thus suggest a semi-
automated approach, where the tracker enables users to
quickly mark moments such as the start and end time of an
activity, group these moments into an activity, and support
users in labeling, annotating, inquiring into, and comparing
different activities.

Providing normative feedback on goal accomplishment
We found that users often check time in conjunction with
physical activity to estimate how likely they were to meet
their daily goal given the distance walked so far. In this
respect, users developed a strategy to counteract the
inefficiency of the tracker. While the tracker merely
provided descriptive data (i.e., how much they had walked
by that point in time), users desired normative data (i.e., “is
this good enough?”). This inefficiency of activity trackers
had been previously noted by using the example of Fitbit
Flex’s wristband which features five LEDs that illuminate
for each 20% of a daily walking goal achieved. As
mentioned, “even this seemingly simple display requires
some quite difficult projections, if one wants to use it for
immediate self-regulation” [22, p.146]. As a solution, they
proposed Normly, which employs a large database of other
people’s walking trajectories over the course of a day, and
compares the distance one has walked at a given time in a
day to that walked by others having the same goal, at the
same time in the day. Thus, at each moment a user engages
with Normly, she receives simple, normative feedback —
that she is either doing better or worse than others, at this
specific moment.

We contribute an additional concept aimed at providing
normative data on goal accomplishment. Predicto leverages
on users’ aggregated accounts of data to forecast the
likelihood of goal completion. Predicto draws inspiration
from prediction markets [5], which leverage on aggregate
information to produce predictions about future events (e.g.
a political candidate’s re-election, the victory of a sports
team). The likelihood would be estimated on a number of
conditions, such the number of consecutive days in which a
user has reached his goals, or the upcoming plans for a day.
Predicto takes into account the variability of routines [17]
by constantly updated predictions (e.g. skipping a habitual
trip to the gym lowers the chances of reaching a goal).

Facilitating micro-plans

Our study revealed that users often formed micro-plans for
the immediate future, such as reaching 1000 steps in the
next hour. While the positive effects of proximal goals on
motivation and performance have been highlighted by
empirical research in goal setting and acknowledged by
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Goal Setting Theory [34], the majority of today’s trackers,
rather without much thought, adopt a daily step goal.

One might wonder about how technology could further
support practices such as the one identified here — that of
micro-plans, short courses of action planned within daily
routines geared towards meeting one’s levels of physical
activity. Prior work has explored ways to make goal-setting
more agile to accommodate the variability of daily life.
Munson et al. [38] for instance, proposed the idea of
secondary goals as fallbacks in days of reduced physical
activity, while Konstanti and Karapanos proposed the idea
of micro-updates — daily step goals that expire at the end of
the day, inspired by users’ practices (e.g., “when I know [
will be seated a lot e.g. long car trip, I adjust my goal
downwards”). However, no work has explored how
trackers may further support individuals in planning their
days in more detail. Given our findings and Goal Setting
Theory, such mechanisms are expected to positively impact
users’ motivation and performance.

However, a crucial interaction design challenge is how to
support this practice while maintaining users’ flexibility in
adjusting their plans? We found that in most of the cases,
users treated those as flexible and responsive to the
variability of their routines. They often adjusted their
expectations, formed new plans, or enforced nested actions
when the opportunity arose in order to fulfill their plan.

7000m today

15:40

10min

added!
500m to go
in 20min

Figure 9. Mikro compares one’s progress to a micro-goal (outer
ring) to the time remaining to complete a goal (inner ring) . Mikro
also allows users to make short adjustments to goals.

We detail below two concepts that aim at facilitating the
formation and execution of micro-plans. The first one,
Mikro (see Figure 9), enables users to set a micro-plan
manually. The user selects the number of steps and the
duration of a micro-plan. Mikro then displays the remaining
steps and time for the micro-plan along with the total
number steps walked in the day. Mikro further supports
flexible goals. In a similar way alarms allow for 5 extra
minutes of snoozing, users are allowed to make small
adjustments their goals at any point of their day. The
second one, Mikromoves, builds upon the commercial
application Moves (see [21] for a similar approach), that
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segments physical activity over the different locations one
visits in the course of the day. Mikromoves automatically
sets a micro-plan for each new location the user visits (e.g.,
Welcome to Work, let’s walk 2300 steps over the next 8
hours). The distance and duration are estimated based on
past visits at the location, while the user may adapt those
values, which also contributes to training Mikromoves
prediction algorithm.

LESSONS LEARNT AND LIMITATIONS

This paper presented an in vivo study of activity tracking.
Through the use of video methods, the study took a close
look at a number of practices that surround the use of
activity trackers in daily life. Most notably, we found the
use of these devices to be strongly driven by reflection and
learning-in-action, contrasting the traditional view that
learning is one of deep, retrospective exploration of data.

One should note a number of limitations in this study. First,
this is a study of the practices of successful adopters of
activity trackers. We chose to do so in order to shed light
into the practices that we need to support in order to sustain
prolonged use [see also 18]. Yet, one has to take into
account that not everyone who tries a wearable activity
monitor continues to use it in the long term [21,30].
Understanding failed practices is also a much needed
endeavor. Secondly, our study involved only twelve
participants and only two days of their engagement with the
tracker. We believe these are direct outcomes of some of
the challenges of the adopted method. In particular,
participation may be hindered due to surveillance and
privacy concerns of using a wearable camera [39] and is
likely to produce increased discomfort if an extended study
duration is required.

In closing, our study took a step forward towards
understanding how tracker use is enmeshed within
everyday life, and how these devices could be better
designed to support long-term use. Activity tracking, as a
practice, is diversified, dependent upon and threaded into
what goes on around us. Following these developments is
difficult. Yet, as these devices become ever more central to
the ongoing discourse on behavior change and patient-
driven healthcare, a richer understanding of the lived
dynamics of activity tracking trackers is crucial.
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4.3 — Discussion of results and conclusion

Our study revealed some of the complexities of activity tracking, while extending
some of the underlying ideas of the use of these devices. Within this section, | discuss
some of our findings in line with Personal Informatics (and activity tracking) literature,
and explore some of the implications of these findings for the design of activity
tracking devices: namely, how activity tracking devices should be designed to

supporting just-in-time, contextualized moments of learning.
Supporting contextualized moments of learning

In a second attempt to inquire into the daily use of activity trackers, we turned to
video methods and direct, in-situ observations of users’ interactions to understand
what motivates people to engage with activity trackers in their everyday life, and how
the surrounding environment shapes the use of these devices. Most notably, we found
the use of activity trackers to be strongly driven by learning-in-action. Participants
interacted with their trackers to learn about ongoing activities — such as how much
they were walking while cleaning their house, or while commuting to work. More than

mediators of change, trackers, in these cases, were used to “simply” mediate learning.

These insights contrast with traditional views of how activity tracking tools are used.
For example, one of the most cited models of Personal Informatics use was proposed
by Li and colleagues [51]. This model describes five stages that people go transition
through when using Personal Informatics tools: (a) preparation, where people decide
what personal information they want to track; (b) collection, where they start
collecting data about themselves; (c) integration, where the data is prepared to be
reflected upon; (d) reflection, where people retrospect on their behaviors; and (e)
action, where decisions are made about how to change a certain behavior. By placing
action as an end-step, this model emphasizes behavior change as a natural outcome
of the use of these tools. Self-knowledge and self-reflection, under this vision, are
simply a means to progress towards a specific behavioral goal (e.g. walking more, or

losing weight).

Our study, however, hints at an alternative way of using activity trackers: one in which

learning occupies a central role (and end-goal) in the use of these devices. This aligns
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with recent talks about the need for Personal Informatics systems to move beyond
behavior change and self-improvement and to consider supporting discoveries of the
“self” (e.g. [75], [22]). In their article “Know Thyself: A Theory of the Self for Personal
Informatics” [75], Rapp and Tirassa propose shifting the traditional framing of
personal informatics tools from a subclass of behavior change technologies, to a class
of systems that provides individuals with better knowledge of themselves. The “self”,
according to Rapp and Tirassa, should be considered as more than a “static, frozen
entity that can be revealed by looking at data” (p. 344). Instead, it should be
considered as an entity with its own personal needs, that is constantly evolving an
being re-created through its interactions with the surrounding world. Personal
Informatics tools, under this view, should help people learn about their everyday lives

and build better understandings of themselves.

As suggested in our paper, one way of supporting self-discovery and learning with
trackers is to enhance the data collected by these devices with contextual details from
the external environment. However, more than simply showing a user how active he
has been within a certain location (which might not be the most effective way of
engaging a user in learning, as seen in our study with Habito and in [52]), contextual
details should be tied to the activity the user is (or was) performing when checking (or
reviewing) his data. For example, a teacher who wants to explore how active she is
while lecturing a class should be given the opportunity to find answers to questions
like, How does the duration of the class and number of students influence how
physically active | am? How does this compare to the other classes that | teach? How
was | feeling at that time? What tasks was | assigning the students with? What was
happening to me during that day? While the first questions might be addressed by
answered easily through today’s technology (e.g. by tracking the duration of the class
and the number of steps taken within), the last lead to suggestions of semi-automated
tracking approaches, where users can add label, annotate and inquire into their

internal states, like emotions, thoughts, and intentions.

These activities could further be memorized by activity tracking systems, and used to
present users with “just-in-time” feedback to motivate self-reflection, and even

behavior change [46].
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Supporting brief, just-in-time, uses of activity trackers

Personal Informatics literature has long assumed that people gain insights as the result
of deep and careful reflections on their behaviors [51]. As such, most of today’s
personal informatics tools support this process through the high-level aggregation of
data over time (e.g. step count over a week or a month) and considerable amount of
efforts have focused on the design of personal visualizations to support reflection,

interpretation and reminiscing (e.g. [25]).

Considerably less effort has been placed in supporting quick opportunities for
learning, and action as they arise in people’s everyday lives. Our studies, however,
showed that the use of trackers might actually be dominated by this type of use. First,
in our study with Habito, we found over 70% of the usage of Habito to be driven by
glances — brief, 5-second sessions where individuals check ongoing activity levels with
no further interaction. Glances were assumed to support the frequent regulation of
behavior; people would estimate how likely they were to meet their goals, and
introduce action when needed [32]. Our /nvivo study, however, found these quick
moments of interaction with trackers to be also used towards learning and self-
discovery. Users checked their trackers to learn how active they had been while

performing a certain activity — such as while teaching a class, or cleaning a house.

These insights raise questions towards how to develop interfaces that support brief
moments of learning and action. While we are in no way trying to undermine the
importance of deep explorations of data, our results point to the importance of
engaging in conversations of how activity tracking devices can support brief moments
of action and reflection as they arise within people’s everyday lives. In the next
chapter of this dissertation, we explore ways in which activity trackers can be designed

to support these moments of everyday, quick learning and action.
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Chapter 5.

Exploring the Design Space of Glanceable

Feedback for Physical Activity Trackers

5.1 — Introduction

Our Habito and Invivo studies highlighted the brief, situated nature of activity tracking
use. In both studies, activity tracker use was driven by glances — brief, no longer than
5-second sessions where individuals checked their ongoing activity levels with no
further interactions. This form of interaction accounted for 70% and 75% of the usage
sessions in our Habito and Invivo studies, respectively. Glances supported frequent
regulations of behavior, as well as moments of learning and self-discovery. People
would estimate how likely they were to meet their goals and introduced action when
needed, and also engaged in quick moments of learning and self-discovery — such as
learning how active one was while cleaning a house, or how many steps were gained

during routine commutes to work.

In this chapter, | focus on a challenge highlighted by these results: if glances and quick
interactions seem to be the predominant way in which users regulate and learn about
their behaviors, then how can we design feedback interfaces that support this type of

interactions?

In studies of Personal Informatics systems, a number of researchers have pointed
towards the value of glanceable feedback and quick interactions (e.g. [20],[62]). For
instance, Consolvo et al. [17] describe three locations where self-monitoring tools
commonly provide feedback: (1) in-application feedback (i.e. portraying feedback
within an application, such as how we did with our Habito study); (2) on application
websites (i.e. displaying feedback in cloud-based services, such as websites) and; (3)
glanceable displays. Glanceable displays, as defined by Consolvo and colleagues, refer
to quickly and easily consumable feedback that is displayed outside of applications, in

locations where users will frequently see, whether they go to applications or not. One
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well cited example is the UbiFit Garden [20], a mobile phone application intended to
encourage regular physical activity. A key component of the Ubifit Garden application
is the feedback about physical activity that is displayed on the background of users’
mobile phone. In this way, users have frequent encounters with their physical activity
behaviors — either when checking their phone to make a phone call, check the time,
send a message, or use the phone for any other purpose. A 3-month field study of
Ubifit Garden demonstrated the power of this approach. This always-available display
was found to act as a persistent reminder to stay engaged and committed to physical
activity. Since then, a number of additional researchers have investigated then

effectiveness of glanceable displays.

Glanceable displays have the potential for encouraging healthy behaviors. Recent
research has found people to increase their daily water intake [1], engaging in regular
breaks from sedentary behaviors [40] and increasing awareness of physical activity
levels [53] while being presented with glanceable feedback on their behaviors.
However, research on glanceable displays is limited in many ways. On the one hand,
glanceable displays have been the least explored form of feedback within personal
informatics and health informatics literature. Instead, a considerable amount of effort
has focused on the design and use of personal visualizations to support reflection,
interpretation and reminiscing (e.g. [25], [80]). On the other, most research on
glanceable displays has focused on uncovering the overall effects of these displays
towards behavior change. Considerably less is known as to how these displays should
be designed, and the effects of particular design choices. In particular, literature lacks
detailed inquiries into “the design space of glanceable behavioral feedback, guidelines
for what makes feedback glanceable, and an understanding of the effects of different

glanceable feedback displays” [35].

In this chapter, | present a study that explores how glanceable displays can be
designed to influence people’s behaviors. This study contributes with an exploration
of the underlying characteristics for the design of glanceable behavioral feedback
interfaces. Further, through a field study, we deploy four different glanceable

interfaces in the wild to better understand how different types of glanceable feedback
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affect users’ engagement and physical activity. We present the results of this study,

and insights on the effectiveness of these interfaces for encouraging physical activity.
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5.2 — Exploring the Design Space of Glanceable Feedback for Physical

Activity Trackers

This article is organized in three main sections. The first section presents an
exploration of the design space of glanceable feedback for activity trackers, which
resulted in the proposal of six underlying design qualities for these interfaces: (1)
being abstract, (2) integrating with existing activities, (3) supporting comparisons to
targets and norms, (4) being actionable, (5) having the capacity to lead to checking

habits and (6) acting as a proxies to further engagement.

The second section describes four concepts which we prototyped and deployed in a
field study with twelve participants over 28 days: (1) TickTock, which portrayed
periods in which one was physically active over the past hour; (2) Normly, which
compared one’s goal completion to that of others having a similar goal; (3) Gardy,
which abstracted physical activity levels through a garden, blossoming as users
progressed towards their goal, and; (4) Goal Completion, which portrayed one’s
progress towards a daily goal through a bar that fills up as a user reaches his goal. The
former interface was used as a baseline, against we compared the remaining

glanceable interfaces.

The third section presents our findings and discussion of our results. Our findings are
split into two main sections: First, we provide an overall analysis of the overall
engagement with each interface over the 28 days of study, as well as an analysis of
users’ physical activity levels while using each interface. This if followed by a deeper
analysis of participants’ experiences with each of the interfaces. Our paper concludes
with a discussion of the effects of each interface, as well as an overall analysis on the

effects of glanceable representations of physical activity feedback.

This article was published in Ubicomp 2016 [35] with co-authors Fabio Pereira, Dr.
Evangelos Karapanos, Dr. Sean Munson and Prof. Dr. Marc Hassenzahl. The design
exploration was conducted by the first three authors. Pereira and | led the field study,
as well as the collection of data. Dr. Karapanos and | analyzed the data. The paper was

written collaboratively with Dr. Karapanos, Dr. Munson and Prof. Dr. Hassenzahl.
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ABSTRACT

Recent research reveals over 70% of the usage of physical
activity trackers to be driven by glances — brief, 5-second
sessions where individuals check ongoing activity levels
with no further interaction. This raises a question as to how
to best design glanceable behavioral feedback. We first set
out to explore the design space of glanceable feedback in
physical activity trackers, which resulted in 21 unique
concepts and 6 design qualities: being abstract, integrating
with existing activities, supporting comparisons to targets
and norms, being actionable, having the capacity to lead to
checking habits and to act as a proxy to further engagement.
Second, we prototyped four of the concepts and deployed
them in the wild to better understand how different types of
glanceable behavioral feedback affect user engagement and
physical activity. We found significant differences among
the prototypes, all in all, highlighting the surprisingly strong
effect glanceable feedback has on individuals’ behaviors.

Author Keywords
Physical activity tracking; glanceable displays; behavioral
feedback interfaces; personal informatics.

ACM Classification Keywords
H.5.2. User Interfaces: Evaluation/Methodology.

INTRODUCTION

People increasingly adopt technologies to track their
everyday behavior [39]. Personal informatics tools rest on
the assumption that people develop a better understanding
of their habits through self-monitoring, which in turn
promotes self-knowledge, reflection and ultimately change
upon undesirable habits [28]. Examples are counting steps
to increase levels of physical activity [11] or measuring
water spent in the shower to reduce waste [17].

Since knowledge of existing behavioral patterns seems at
the heart of self-tracking, according tools focus on the rich
visualization and the deep exploration of personal data [14,
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Figure 1 — TickTock (left) and Normly (right), two of the concepts
developed as watchfaces. TickTock portrays periods in which one
was physically active over the past hour. Normly compares one’s

goal completion to that of others having a similar walking goal.

7]. This implies a certain way of using such tools. First
people collect data, then explore and review summaries of
longer periods in retrospect (i.e., days, weeks) to identify
patterns and plan alternative future courses of action [16].
For example, some people use tools provided by their
phone companies to analyze their monthly costs to pick the
"best" tariff or to optimize own future usage behavior.

In addition to this rather analytical approach, people use
self-tracking to monitor and regulate immediate behavior
[8]. For example, somebody may have told Ruben that
paced walking (e.g., 6 km/h) is a valuable opportunity to
get a little more exercise throughout the day. Unfortunately,
Ruben is a slow walker. To get into the habit, he measures
his walking pace while walking home from work to keep up
the speed. This scenario requires frequent feedback while
actually being engaged in the activity of walking [8].

In the case of physical activity trackers, brief and frequent
monitoring may in fact be the dominant mode of
interaction. In a prior study [19], 70% of all interactions
with an activity tracker were glances — brief, 5-second
sessions where users checked their current activity levels
with no further exploration or interaction.

While researchers have noted the value of glanceable
feedback as a complement to the deeper and reflective
analysis [11], research focusing specifically on glanceable
activity feedback displays has been scarcer than research on
deep, reflective feedback displays. In particular, literature



lacks detailed inquiries into the design space of glanceable
behavioral feedback, guidelines for what makes feedback
glanceable, and an understanding of the effects of different
glanceable feedback displays.

To provide a better understanding of glanceable behavioral
feedback, we first explored the design space of glanceable
feedback in the context of physical activity trackers. We
created a total of 21 concepts and a total of 6 design
qualities through an iterative ideation and reflection
process. We argue that glanceable feedback for behavior
change should be abstract, integrate with existing activities,
support comparisons to targets and norms, be actionable,
and have the capacity to lead to checking habits and act as a
proxy to further engagement. Second, we prototyped four of
the concepts and deployed them in the wild to better
understand how different types of glanceable feedback
affect users’ engagement and physical activity.

RELATED WORK

So far, the importance of glanceable feedback in behavior
change tools has been noted by a number of researchers.
Ham and Midden [20] emphasized the persuasiveness of
glanceable feedback since it requires minimal attention to
be perceived and processed. Consolvo et al. [11] found
individuals to increase long-term commitment to physical
exercise when presented with glanceable feedback. Mullet
and Sano [32] further argue that the frequent monitoring of
behavior can lead to early correction of slips and relapse.

But what makes feedback especially glanceable? Consolvo
et al. [12] define "glanceability" in terms of how quickly
and easily feedback is able to convey information after one
pays attention. To accomplish high glanceability, feedback
should be “reduced to the essence through a process of
simplification and abstraction” [32]. Feedback should
provide “just enough” to be perceived and processed [30].
A further quality of glanceable feedback is its ability to be
perceived at the periphery of one’s attention [5]. Feedback
should be “working in the background while we attend to
foreground activities ... [enabling people] to get the
essence of the information with a quick visual glance” [29].

Empirical studies have provided support for the
effectiveness of glanceable feedback. Jafarinaimi et al. [23]
developed Breakaway, a small human sculpture aimed at
encouraging regular breaks from work. Breakaway
mimicked its user's posture throughout the day. It was
placed on the office desk, offering persistent, yet
unobtrusive and quickly consumable feedback. A case
study with a single participant showed the likelihood of
taking a break from work to increase when the sculpture
slouched. In addition, the participant commented on how
easily Breakaway could be ignored, when busy. In this case,
healthy sitting is a secondary task to be monitored and
regulated throughout the day while actually completing
primary, work-related tasks.
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Another example is Consolvo et al.’s [11] UbiFit Garden, a
mobile application designed to support overall physical
activity by tracking users’ physical activity, and presenting
feedback on the background screen of mobile phones. In a
comparative study, participants using UbiFit Garden had
higher activity levels than participants without persistent
feedback on behaviors. The always-available information
on activity levels acted as a reminder to stay engaged and
committed to the goal of increasing physical activity.
Fortmann et al. [15] created WaterJewel, a wearable wrist
bracelet to motivate users to maintain adequate hydration
levels throughout the day. WaterJewel has eight LEDs,
which light up when users progress towards their daily goal
of water intake. Participants using WaterJewel were more
likely to accomplish their goals for water intake than
participants who received the information on their phones.

All in all, research suggests that presenting abstract, easily
consumable information, at locations where the individual
is likely to gaze frequently positively affects self-regulation
of particular behaviors.

Yet, while the strengths of glanceable feedback have been
recognized, previous literature has highlighted the need to
explore the efficacy of different forms of glanceable
feedback. In Consolvo et al.’s study [11], for example, men
were more skeptical of the garden display than women,
raising questions about the effectiveness of different stories
told through feedback. Are some forms of glanceable
feedback more effective compared to others? [12].

In the remainder of the paper, we present our design space
exploration, which led to 21 concepts and 6 design qualities
important for glanceable feedback, followed by an
empirical exploration of the four prototyped concepts.

DESIGN SPACE EXPLORATION: CONCEPTS AND
QUALITIES

Our first goal was to explore the design space of glanceable
feedback for activity trackers. Since wrist-worn devices
(e.g., smartwatches, wristbands) are the most glanced
mobile feedback displays available [31, 35], we focused our
exploration on smartwatch interfaces. As a technology,
smartwatches allow for the widest variety of ways to
present feedback in glanceable ways.

The design space exploration was performed by the first
three authors. Starting with a design brief of ‘glanceable
watchfaces reflecting physical activity’, we followed an
iterative process of synthesis and analysis, whereby new
ideas were compared to each other to reveal the underlying
differences and qualities of glanceability, followed by new
rounds of ideation aimed at further deepening the
understanding of each emerging quality. Existing research
prototypes (e.g., UbiFit) or commercial products (e.g.,
Fitbif) were often used as reference points during the
analysis, while theoretical frameworks and constructs (e.g.,
Cialdini’s [9] scarcity principle) often helped us elaborate
on the design qualities. This process led to a total of twenty-
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Figure 2. The 21 concepts of glanceable physical activity feedback

one concepts (see Figure 2) and six design qualities. We
briefly summarize each of the six design qualities and
illustrate them either with one of our 21 concepts or
prototypes already existing in the literature (see Table 1).

Abstract

Abstraction of data is perhaps the most prevalent quality of
glanceable displays [30,38]. A number of existing
prototypes and products apply this principle. Abstracting
data, as opposed to displaying raw data, allows users to
process and perceive information with minimal
consciousness [20], enabling quick awareness and
reflection on one’s behaviors [11].

To support abstraction, all 21 concepts convey step count
through abstract forms, such as circles (e.g., Fig.2.12), or
stylized representations (e.g., Fig.2.1). Gardy (Fig.2.1), for
instance, uses the metaphor of a blossoming garden to
highlight one’s progress towards goal completion — a
simplified variant of UbiFit Garden’s abstraction of user’s
activity levels [11]. Similarly, Geotivity and SocialWalk (Fig.
2.8 and Fig. 2.12), use shapes to represent different facets
of one’s physical activity — Geotivity displays the moments
in which one was active and sedentary (green and red
rectangles) over the course of a day, while SocialWalk
displays different aspects of one’s physical activity, such as
the total distance walked or time sedentary, through circles.

Integrates with existing activities
Another principle that often came out in our analysis of the
emerging concepts was that of infegration with existing
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activities. Embedding feedback into frequently occurring
activities makes the feedback more likely to be glanced. In
fact, glanceable displays have been commonly placed in
frequently accessed locations - such the background of
one’s mobile phone [11] or the periphery of one’s vision
[5]. Prior work has found that users check their smartwatch
60-80 [35] and 95 [31] times in a day, with more than half
of the usage being fueled by checking the time, or triggered
by an incoming notification. Following upon this, we
decided to integrate all 21 concepts with the practice of
checking the time; feedback was placed on the periphery or
the background of the primary screen of the smartwatch,
whose main function was to tell the time.

Support Comparisons to Targets and Norms

Activity trackers commonly provide descriptive feedback —
they tell us how much we have walked but not whether this
is enough [33]. Feedback that presents progress in
comparison to a target can be easier for the user to process,
helping the user evaluate their behavior relative to a certain
goal rather than presenting raw data requiring further
inferences. Consider, for instance, Fithit Flex’s glanceable
feedback. The wristband features five LEDs that illuminate
for each 20% of a daily walking goal achieved. However,
even this seemingly simple display requires some quite
difficult projections, if one wants to use it for immediate
self-regulation. Since for an office worker physical activity
is not a constant background task, users need to estimate
how likely it is to meet the daily goal based on the distance
walked so far and opportunities to walk in the future.



Table 1. We identified 6 underlying design qualities in our 21 concepts

1 2 3 4 5 6 7

8

Being abstract

Integrating with activities

Comparison to targets and norms

Being

Actionable

Leading to Novelty

checking habits .
Scarcity

Proxy to further engagement

Normative comparisons can reduce this burden of
projection. For instance, PastPerform (see Fig 2.7) and
Catchup (see Fig 2.2) compare the distance walked so far to
the distance walked at the same time yesterday, or at a day
when one’s goal was barely met, respectively. Following
the same logic, Normly (see Fig 2.3) employs a large
database of other people’s walking on different days and
compares at every glance, the distance one has walked so
far to that of other users, who usually are equally active.
DistantYou (see Fig 2.19) follows the same approach as
Normly, but highlights the specific time in which other
people met their goal. ActiveHours (Fig 2.6) and Sections
(Fig 2.13) further attempt to project norms by highlighting
how balanced a user has been (i.e. active vs inactive) over
the course of an hour, while P4 Scale (Fig 2.10),
BalanceYou (Fig 2.9) and DayBalance (Fig 2.20) highlight
how balanced a user has been over the course of a full day.

All the previously described interfaces provide normative,
directly interpretable feedback that helps users maintain an
awareness of their performance at a glance.

Actionable

Another quality that often surfaced in our exploration was
that of actionable feedback. Effective glanceable feedback
interfaces should not only inform but also instigate short,
goal related actions [25]. An example is CrowdWalk (Fig
2.11), which presents in a brief text walking challenges one
may perform from the current location, and visualizes the
contribution these would make towards meeting the daily
goal. For instance, as users enter a building, CrowdWalk
may suggest taking the stairs; when entering a supermarket,
users may be challenged to leave their shopping cart behind
while walking back and forth to gather items. As another
example, Move (Fig 2.5) suggest moments, every 15
minutes, where a user should try to fit in exercise over the
course of a day. Move takes into account users’ calendar,
and levels of past activity to make such recommendations.

Leads to checking habits

While glancing is the dominant form of interaction with
smartwatches [35] and physical activity trackers [19], prior
work has shown the frequency of glances as well as the
overall engagement with feedback to decrease over time
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[19]. This drop in engagement may have detrimental effects
on behavior change as individuals quickly relapse once self-
monitoring stops [36], while the frequent monitoring of
one’s behaviors can help prevent relapse. We thus argue
that glanceable feedback should be able to sustain the
frequency of glancing over the long run, or in other words
to instigate checking habits [41]. Prior work has suggested
this to be feasible. For instance, Oulasvirta et al. [34] linked
the information gratification users derive from social media
updates and incoming emails on their smartphones to the
creation of “checking habits: brief, repetitive inspections of
dynamic content quickly accessible on the device”.

Our ideation process resulted to two approaches for the
creation of checking habits: novelty, and scarcity.

Novelty asks: what if the feedback provided by an activity
tracker constantly presents new information? This is a well-
employed strategy in the computer gaming and airline
industries, which regularly update content to sustain interest
in games or safety instructions. According to Oulasvirta et
al. [34], the gratification people derive from encountering
novel content as they check their smartwatch would
reinforce the habit of checking for new information.
Gouveia et al. [19] employed this strategy in the design of
the Habito mobile app, which, among other features,
presented users with textual messages providing feedback
about their physical activity. They found that when users
read a novel message, they would take less time to come
back to the app than when encountering a message they had
read before. In the case of glanceable displays, feedback
should be short and quickly apprehensible. For instance,
Locals (Fig. 2.17) portrays random places where a user has
walked over the course of the day, indicating his activity
(and inactivity) levels within. CrowdWalk (Fig 2.11) further
leverages on novelty by constantly updating the walking
activities suggested to the user. SocialWalk (Fig 2.12)
compares a user’s progress towards goal completion to the
progress of random friends. Locals, CrowdWalk and
SocialWalk leverage on the idea of novelty by updating the
places, activities and friends, respectively, multiple times
per day. Gardy (Fig 2.1) further supports novelty by
introducing new elements into users’ garden as they
progress towards their walking goal.



Scarcity suggests that checking habits may be created if
feedback is turned into a scarce resource [13]. Scarcity is a
powerful persuasion strategy — individuals are, for instance,
more likely to subscribe to a workshop if they know seats
are limited [9]. Existing media already apply this principle.
For instance, individuals often endure TV commercials to
assure they do not miss parts of an interrupted show.
Likewise, social media users, such as those on Facebook,
frequently reengage to ensure that they do not miss major
content among many updates. Overall, people often build
their revisit patterns around the update patterns of content
to be viewed [4]. Building upon this principle, behavioral
feedback could be displayed for a limited amount of time,
thus reinforcing re-engagement habits and the frequent
monitoring of behaviors. As an example, TickTock and
Scarition (Fig 2.4 and 2.18) portray moments in which a
user was active over the past hour and, respectively, the
same information but in comparison to his friends.

Acts as a proxy to further engagement

Prior work has found that individuals quickly lose interest
in deep data exploration [24]. We argue that glanceable
feedback can be designed with the goal of creating “aha”
moments, thus acting as cues for further engagement with
the feedback. One strategy could be to present information
that raises questions rather than provides answers. For
instance, Meanfull (Fig 2.21) highlights patterns in user
data through textual messages (e.g., “Lazy Tuesdays...”),
while offering users the opportunity to further explore the
underlying data. Another strategy could be to present
insights that surprise the user. For instance, Predicto (Fig
2.14) analyzes parameters such as past night’s sleep quality,
the weather over the upcoming day and existing patterns in
physical activity to predict the activity levels of the
upcoming day. When predictions challenge a user’s
expectations, the user may become interested to explore the
grounds for this surprising prediction.

FIELD DEPLOYMENT OF 4 GLANCEABLE INTERFACES
Next, we wanted to evaluate some of the assumptions that
were generated during the ideation phase, in the real world.
We selected and prototyped four concepts and deployed
them over 28 days with twelve participants. The goal of the
study was to compare concepts in terms of their adoption,
how participants engaged with them, and what impact they
had on their physical activity. We did not design this study
to evaluate each concept’s efficacy towards behavior
change, given the limited sample and short, seven-day
exposure participants had to each of the interfaces. Rather,
we wanted to inquire into participants’ experiences with the
four interfaces that go beyond their initial reactions.

Interfaces

We selected four of the twenty-one concepts based on two
criteria: diversity and feasibility. First, we excluded certain
concepts, as they were infeasible to prototype to a mature
stage within our available resources. Next, we selected two
concepts (goal completion and stylized representation) due
to their similarity of existing work (Fithit Flex’s wristband

67

LED feedback and UbiFit Garden, respectively). Finally,
we selected two additional, diverse concepts that we
deemed represented interesting design claims. We do not
argue that these concepts represent the entire design space
of glanceable interfaces. We also do not assume the
interfaces as a direct representation the theories that
motivated them. Their performance during the field study
depended on their implementation as much as the design
claims they encapsulate.

o

9832

steps taken today

Figure 3. Gardy (left) and Goal Completion (right), two of the
concepts developed as watchfaces

All interfaces were developed as watch faces for Android
Wear. Each comprised the primary screen of the
smartwatch. Their only interactive feature was to allow
users to set a daily goal for physical activity. We developed,
debugged, and field-tested all interfaces on the LG G Watch
R to control for variations in interfaces across hardware or
other confounders related to hardware variation [1].

TickTock

TickTock (see Fig. 1) portrays, in the periphery of the
smartwatch, the periods in which one was physically active
over the past hour. We expected TickTock to present two
main advantages over the other interfaces. First, through
turning the feedback into a scarce resource [9] — by
constraining it to only the past hour — we expected to build
“checking habits”, i.e., frequent monitoring of the
smartwatch to make sure that no feedback goes unnoticed.
This increased frequency of self-monitoring may, in turn,
lead to increases in individuals’ physical activity. Secondly,
we expected that presenting physical activity of only the
past hour would inherently lead participants to strive for
keeping a balance of physical activity throughout their
days. For instance, if they notice that they have been
inactive for the past hour, they may try to have a short walk.
As a result, contrary to the remaining three interfaces which
aim at assisting individuals in achieving a daily goal,
TickTock may be pushing individuals to avoid prolong
periods of sedentarism, which has been found to be a health
risk factor independently of the amount of physical activity
one performs over the course of a day [37].

Normly

Normly (see Fig. 1) compares at each glance one’s daily
progress to that of others having the same goal. To establish
normative data, we leveraged a database of the daily
walking progress of 25 individuals, on a total of



approximately 20000 days. We split the database in 10
groups, reflecting the distance walked at the end of the day
(i.e., 7km, 8km etc). We then split the data in [-min
intervals, averaging the values within each group. As a
result, if a user defines a goal of 8 km/day, Normly will
compare, at a resolution of 1-min, his daily progress to the
average progress of people who walked 8 km by the end of
the day. We expected this normative feedback would lead
to more frequent action and increases in overall physical
activity at the end of the day, for instance in comparison to
Goal Completion, which simply presents but does not
evaluate one’s daily progress.

Gardy

Gardy (see Fig. 3) abstracts physical activity levels through
a garden, blossoming as individuals’ progress towards their
daily walking goal. At the start of each day, the garden is
bare, with elements such as leaves, mushrooms and trees
appearing as they reach their goal. Such abstract, stylized
representations have been previously found to sustain users’
engagement, through fostering curiosity on users as they
anticipate the unfolding of the story, while individuals tend
to appreciate the attractiveness and variety of metrics
conveyed in such displays [11]. Yet, little is known as to
how individuals engage with such representations and the
impact they have on users’ behaviors.

Goal Completion

Goal Completion (see Fig. 3) presents one’s progress
towards their daily goal. Participants were presented with a
preset goal of 10K steps [44] and were allowed to modify it.
Ample evidence exists on the efficacy of goal setting [33] -
individuals that set specific goals (e.g., walk 10K steps per
day) to be more likely to enhance self-regulation and
activate self-evaluations than those which set abstract goals
as "do my best" or "try hard" [27]. We decided to set a
challenging default goal that reflects medical practitioners’
recommendations (i.e., 10K steps) as previous studies on
activity tracking have found individuals to have limited
understanding of their daily physical activity and to go with
the preset goal, even when this is unrealistically low [19],
while setting a challenging goal is strongly linked to greater
performance [27]. Goal setting is no different to
commercial prototypes (e.g., Fitbit’s feedback on band).
We included Goal Setting as a baseline, against which we
could compare the remaining glanceable interfaces.

Participants

We recruited participants through the reddit community, via
the Iggwatchr subreddit. To qualify, participants had to own
an LG G Watch R and be willing to commit to use the four
interfaces for a total of 28 days. A total of 12 participants
successfully completed the study (median age = 25, all
male). Seven participants were located in the U.S., two in
Canada (25%), and one in Italy and Sweden respectively.
They all had prior experience with physical activity
tracking. Participants were rewarded with a 40€ voucher
upon successful completion.
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Readiness to change

We did not limit our sample to participants of certain
‘readiness’ to change as we wanted to have a diverse
sample. However, we measured the stage of behavior
change individuals were in using a five-item questionnaire
[26]. Our population was biased towards physically active
people: no participant was in the precontemplation stage,
three in the contemplation stage, two in preparation, two in
action and five in maintenance. Prior work has shown
activity trackers to work best for people in the intermediary
stages of behavior change (contemplation and preparation);
in other means, individuals that have the will but not yet the
means to change their behaviors [19]. This has to be taken
into consideration when interpreting our results. We chose
not to use participants’ readiness as a variable in our
analysis process due to our limited sample size.

Procedure

We debriefed participants and assisted them in installing
our application. They used each interface for seven days,
followed by a Skype interview, which introduced the
upcoming interface and inquired into their usage and
experience with the past one. The order of interfaces was
counterbalanced across participants. Each interview lasted
up to 15 minutes. All interviews were audio-recorded and
transcribed by two independent researchers.

Participants were asked to keep the interfaces for the full
duration of the study. They were informed that their
physical activity and smartwatch usage would be tracked.
During our final interview, we asked participants to rank
the interfaces in terms of general preference and motivation
to exercise, from most to least preferred, and we allowed
them to continue using all interfaces after the study elapsed.

We logged participants’ physical activity and smartwatch
use in order to compare our concepts in terms of adoption,
engagement and impact on physical activity. To track
participants’ physical activity, we made use of Android’s
step counter, tracking the start and end time of walking
activities as well as the number of steps taken while
walking. Regarding smartwatch usage, we tracked the time
and duration of individual usage sessions, as well as
interactions within a session, such as swiping to settings or
launching additional applications. A usage session was
defined by the time the smartwatch screen was turned on
(i.e. interactive mode), until the screen was turned off or
timed out (i.e. ambient mode). We also tracked incoming
notifications, in an attempt to distinguish smartwatch use
motivated by checking notifications versus our interfaces.

Findings

We first summarize overall participant engagement with all
interfaces and their physical activity over the course of the
28 days. Next we delve into engagement, experience and
impact on physical activity of each of the four interfaces.

Overall engagement and physical activity
All in all, participants checked their smartwatch on average
107 times per day (SD=80), which is slightly higher than in



previous studies [31]. Over 80% of all usage sessions were
glances: sessions in which a participant briefly checks his
smartwatch and lets the screen timeout, with no further
interaction [6]. Such sessions were short, with a median
duration of 7 seconds (SD= 10).

Participants primarily used their smartwatch to check the
time or incoming notifications: interactions following a
notification (up to one minute), accounted for 41% of all
usage. Participants often commented that while they did not
engage with the watch in order to check their physical
activity, they often paid attention to physical activity
feedback, which became a constant reminder to move:

I would actually look at the time, but I would also happen
to look at the steps. [P3]

I've always expected to see this information privately,
such as on a website or my mobile. But, I feel it’s a little
bit more motivating to have it always ‘in my face’. [P§]

Overall, participants engaged fewer times per day and
walked less per day while using Gardy than with any of the
other interfaces (see Table 2). Pairwise comparisons with
Bonferroni correction revealed significant differences in
participant engagement between Gardy and Normly
(p<0.05), Gardy and Goal Completion (p<0.05), Gardy and
TickTock (p<0.05) and marginal differences in terms of
physical activity (p<0.10) between Gardy and all of the
remaining interfaces.

These findings were consistent with participant preferences.
Normly was the most preferred prototype (for 9 of 12
participants), followed by TickTock (2 of 12) and Goal
Completion (1 of 12). Ticktock was also the most
controversial as 3 participants considered it their least
preferred. The least preferred prototype was Gardy, with 8
participants considering it their least preferred.

Table 2. Mean daily usage sessions and step count per interface

Normly TickTock Goal Comp.  Gardy
Usage 122 110 108 86
sessions (SD: 99) (SD: 81) (SD: 69) (SD: 60)
Step 5460 5150 5340 3760
count (SD: 4528) (SD:4543)  (SD: 4528) (SD: 3511)

Participant experiences with Normly

We expected that providing participants with normative
feedback on their performance would lead to more frequent
action and higher overall levels of physical activity, as
compared to Goal Completion. This was not confirmed at
an overall analysis, as an independent samples t-test
showed no significant differences among the daily number
of steps walked across both interfaces (meany,mm; = 5460
steps, meangoal compl. = 3340 steps, #(165) = -0.18, p=0.86).

However, we noticed differences among participant
behaviors based on how far ahead or behind others they
were at each given moment. More specifically, we looked
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at participant physical activity upon interacting with the
watch. Participants interacted with Normly a total of 9472
times. In 1855 of those (20%), they were up to 500 steps
behind or ahead of others. In 5764 of the times (61%) they
trailed behind others by over 500 steps, while in 1799 of the
times (19%) were more than 500 steps ahead of others.

We found that, when close to others, participants would
take a mean of 5 min after the interaction to start a new
walk, and they would walk on average 394 steps. In
contrast, when lagging behind by over 500 steps,
participants would take significantly more time to start a
new walk (mean=19 minutes, (#(7614) = -10, p<0.01) and
walk significantly less steps (mean=156 steps, t(7614) =
19.3, p<0.01), as confirmed by independent samples t-tests.
The same happened when participants were far ahead of
others, where they would take 10min on average to start a
new walk, #(3649) = -13.1, p<0.01, and walk for an average
of 248 steps, #(3649) = 9.94, p<0.01.

Participants felt motivated to walk when sensing they could
easily catch-up or stay ahead of others. This effect would
disappear, though, once differences grew bigger in either
direction:

If I was way far ahead, I wouldn’t do much. If I was just a
little ahead, I would try to walk and keep ahead. [P3]

In certain ways, these findings are not surprising. More than
providing normative feedback, Normly engaged participants
in a competition with others, even though they had no
relationship to or understanding of who these others were.
Participants accepted these others as similar to themselves —
knowing they shared they same walking goals, and
competed with them on a daily basis.

... I mean, we have the same goal so we should be walking
about the same [P6]

1 liked being able to see how good or bad I did against
others at a glance (...) even though I didn’t know them, It
made me want to keep up with other people. [P12]

From a social comparison perspective, individual
motivation and performance is expected to be heightened
when outperforming others is attainable but not certain
[43]. However, in over 60% of the times individuals
checked their watch, they trailed behind others
considerably. In fact, participants achieved their daily goal
on average only once over the seven days, and as a result
were compared to others who consistently performed better,
which had a toll on their motivation:

It was tough seeing others always ahead of me and
knowing I couldn’t catch up to them (because I was having
a busy week). I just ignored how much others had walked
and tried to focus only on mine [P9]

We must note that participant’s underachievement was
emphasized as they were being compared to people which
met that goal by the end of the day. This was not the case of



participants, as they were trying to achieve it - either
successfully or not.

A question raised is: if participants witnessed that they
consistently underperformed compared to others and that
this has a toll on their motivation, why didn’t they decrease
their daily walking goal? Our analysis suggests that
participants wanted to retain their initial target, as they felt
the reward of reaching a more demanding goal was more
enticing than outperforming a less-competitive group, e.g.:

1 was mostly behind [others], but I didn’t really think
about changing [my goal] (...) I know I can achieve 8000
steps, so why change it to 5000?(...) It’s pretty sweet when
1 hit my goal before them [P12]

These insights have implications for the design of
normative glanceable feedback, suggesting a need for more
dynamic systems that maintain comparative levels of
performance for a higher percentage of the time. This might
be achieved through deception (e.g., artificially lowering
the performance of others to provide an opportunity for the
participant to catch up).

Further, many felt frustrated with the flexibility of the
interface, as they had to keep putting in steps throughout
the day to keep up with others:

it’s not easy to keep ahead (...) an hour ago I was 90 steps
behind so I walked a bit until I was 100 steps ahead. But
now I am already 80 steps behind! It is frustrating, but if I
don’t keep up they will get a lot of steps ahead [P16]

Participant Experiences with TickTock

By displaying behavioral feedback for a limited amount of
time, we expected TickTock to reinforce re-engagement
habits. This was true as participants re-engaged with
TickTock more frequently — on average every 9 min - as
compared to Goal Completion (every 15 min, #(16675) =
6.59, p<0.01). As one participant noted:

It only shows me how active I've been over the last hour,
so I need to come back to it ever now and then to see how
1'd been. [P7]

Not only did TickTock lead to more frequent interactions, it
also triggered more frequent walking activities. When using
TickTock, participants would make on average 61 walking
activities per day. An independent samples t-test revealed a
significantly higher number of daily walking activities
when participants used TickTock as compared to Goal
Completion (mean=50, (162)=-2.5, p<0.05), Normly
(mean=51, #(166)=-2.3, p<0.05), and Gardy (mean=50,
1(166)=-2.77, p<0.01). They would, however, walk for an
average of 77 steps in each walking activity, which was
significantly shorter than in Goal Completion (mean=106,
1(6910)=4.8, p<0.01), Normly (mean=107, #8313)=5.8,
p<0.01), and Gardy (mean=99, ¢(8678)=4.6, p<0.01).

Our qualitative data suggest two main reasons for the
effectiveness of TickTock on triggering short, frequent
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action from individuals. First, it strengthened individual
accountability for maintaining minimum levels of physical
exercise every hour by making this information explicit and
easy to glance upon. Second, it rewarded short breaks from
sedentary behaviors by making their impact visible in an
instant:

It rewards my sporadic movements since I can see the
colors change when I start moving. [P3]

We further found that the feedback provided by TickTock
was a significant predictor of later behavior. We performed
a linear regression analysis to predict the time participants
took until the next walk after interacting with TickTock,
based on the feedback they received, namely their active
time (min) over the past hour. The number of minutes from
a participant looking at TickTock’s feedback until their next
walk can be predicted as 1.06 + 0.95 * active-time;
F(1,8465) = 26734, p<0.001, with a R” of 0.76. In other
words, for every additional 10 min of physical activity that
the participants saw they performed over the past hour, they
would take an extra 9.5 min till their next walk (Fig. 4).
Participants who saw that they walked 10 or less min over
the past hour had a 77% probability of starting a new walk
in the next 5 min. As one participant noted:

. every time I was at work and saw 0 steps in the last
hour, it was a signal to get up and walk around. [P17)]
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Figure 4. Witnessing that one was sedentary over the past hour
would trigger physical activity in shorter period of time.

This push for frequent engagement, however, took a toll on
participants’ motivation, with some experiencing reactance
and most reporting that they often felt a lack of credit for
physical activity that took place earlier in the day:

When I looked and it said I had 0 steps over the last hour,
1 felt that I hadn 't walked for the whole day, which was not
the case, so I would think to myself: it’s simply not
showing the total steps from the whole day (...) I also had
no clue how much I had walked over the day. [P3]

In fact, TickTock was the most controversial interface,
being the most preferred by two participants and the least
preferred by four participants. In addition, three participants



ranked it as the most motivating to exercise, while five
ranked it as the least motivating. We found that these two
groups of participants differed primarily on their fitness
goal: participants who rated TickTock as motivating had
already adopted the goal of breaking sedentary activity
throughout the day as their primary motivation.

I’'m not trying to hit a target so I don’t really care about
the total [steps] (...) I care more about seeing the steps in
the last hour and keeping balanced during my day. [P11]

In contrast, participants that rated TickTock as the least
motivating were driven towards larger, daily goals. They
found TickTock inflexible and unforgiving on days where
their schedule did not allow for frequent physical activity:

It’s less flexible depending on the day I'll have ahead of
me. If I had a goal, I could adjust it on busier days, but in
this one I can’t really do that. If I stop for 60 min I’'ve
gone sedentary. [P17]

As expected, these two groups differed in terms of their
behaviors. An independent samples t-test of found the ‘anti-
sedentary’ group to engage with TickTock more frequently
(N=165) than the ‘daily goal’ group (N=75, #(54) = 5.36,
p<0.01), perform more physical activities in the course of
their days (mean=82) than they ‘daily goal’ group (N=51,
t(53) = 5.02, p<0.01), and have marginally higher step
count (N=6529) than the ‘daily goal’ group (N=4176, #(54)
= 1.83, p<0.10) of participants which considered it the least
motivating.

Participant Experiences with Gardy

Contrary to our expectations, Gardy was the least preferred
interface and least motivating to exercise (for 8 and 7
participants, respectively), with participants engaging and
performing significantly less physical activity with this
interface as compared to the remaining (see section ‘Overall
engagement and physical activity’).

Moreover, single linear regressions revealed that participant
engagement decreased over the course of the seven days, by
an average of 11 sessions per day (Ngnge=86—11%day,
F(1,82) = 11.93, p<0.01, R’ = 0.13). The number of steps
would also decrease by an average of 442 steps per day
(Neps=3760—442*day, F(1,82) = 5.62, p<0.05, R’=0.06).

Participants displayed an initial interest in the interface to
see how the garden fills up. Some participants would even
lower their goal to explore all the stages of the story, e.g.,
“[P9]: To be honest, I lowered my goal to get to the last
screen faster”. However, after encountering all stages of
the story, their engagement with Gardy would be halved.

1 feel my interest wore off after time (...) probably after 1
figured out the cycle (...) it’s fun to figure out what is
going to show up next, but after you get the hang of it, it
kind of loses a bit of interest [P9]

Participants further reported difficulties in estimating
exactly their progress over the course of a day, as Gardy did
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not provide numerical feedback on one’s step count. In fact,
many participants complemented Gardy with an external
numerical step count (e.g., Google Fit).

I knew it changed at every 20% of my goal but I couldn’t
know how much I walked, precisely. I'm sure I could
figure that out, but not by just glancing at it [P12]

Finally, the public nature of the watch, combined with
Gardy’s simple graphical representation, had a significant
impact on participants’ attitudes towards the interface. For
some, being public was a benefit as it spurred discussion,
especially in the presence of children:

The garden is definitely the one that attracts more
attention (...) I work at a dining and some kids came up
with their parents and asked me what it is. I feel good
having it full when I explain, it’s double rewarding...
having them see ['ve reached my goal. [P15]

For others, however, it was demotivating as they felt the
design of Gardy was inconsistent with their self-identity.
This would have an impact on its adoption, as participants
often reported avoiding checking their watch in public:

I would avoid looking at the garden with other people
around (...) I would hide it beneath my jacket (...) my own
watchface is much simpler and not childish (...). [P7]

Participant Experiences with Goal Completion
Contrary to TickTock, Goal Completion seemed to work
best for people who preferred defined daily walking goals.

1 like having a hard goal to hit. It motivates me more than
Jjust seeing numbers. [P4]

Participants ~ appreciated it’s minimalistic graphical
representation, at which they glanced frequently to maintain
an awareness of physical activity and to reassure
themselves that they had adequate progress:

1 feel I was glancing quite often to see where I was (...) by
quickly looking at the circle I could tell if I was around
15%, 30% or 50% of my goal. [P4]

They often developed shortcuts in their decision-making,
such as the following one, who developed the strategy of
having a short walk if goal completion was less than 50%:

I would try to walk when the circle was only half full [P4]

Interestingly, when interacting with Goal Completion,
participants performed the fewest updates of their daily
walk goal (N=13) among all interfaces (Nuomp=35,
NGargy=66, Nrickroci=20). A plausible explanation for this
was the lack of novelty of Goal Completion, as all
participants had prior exposure to similar feedback through
their own activity trackers.

I can’t say it took me by surprise, I already track my
progress (...) It just makes it a bit more glanceable (...) 1
don'’t feel it gives me the extra push like the rest do. [P10]



DISCUSSION AND CONCLUSION

Our design space exploration of glanceable feedback for
physical activity trackers resulted in 21 concepts and six
overall design qualities. Based on this we prototyped and
deployed four concepts "in the wild", representing different
elements of the design space. We found that, as expected,
integrating feedback with frequently performed activities,
such as checking the time, provides a promising path for
self-monitoring tools. Participants engaged with their
watches about 100 times per day, which is substantially
higher than the number of times people engage with an
activity tracker app on a smartphone [19]. While checking
activity levels was most of the time not their primary
intention, they would still glance at it, which impacted their
subsequent behavior.

In our analysis of how people responded to the different
prototypes, their use to support self-regulation was striking.
When using TickTock, people who saw that they had a
sufficient number of active minutes in the preceding hour
were less likely to initiate a new walk, while an individual
who had not been active was more likely to initiate a new
walk soon.

In people’s reactions to Normly, however, we see how some
presentations of a lack of activity can rather be
demotivating. Users took less time to start a new walk, and
walked for longer distances, when they were closely behind
or even ahead of others. If the difference was large in either
direction, however, the feedback did not inspire new walks:
the user was either comfortably ahead or too far behind to
catch up. These findings corroborate social comparison
research — motivation increases when outperforming others
is attainable but not certain [43]. These demotivating
examples are common in social comparison. In over 60% of
the glances at Normly, participants saw themselves
substantially underperforming. Rather than presenting
demotivating feedback in these instances, feedback should
maximize its effect on behaviors. One approach, as we
discussed earlier, could be the use of benevolent deception
— for instance, artificially lowering the performance of
others, or changing how it is portrayed, to communicate an
opportunity for the user to catch up [3,10].

Our study further showed how the different interfaces
support self-regulation of different targets, and thus lead to
different behavioral patterns. For instance, displaying
behavioral feedback for a limited amount of time, as in the
case of TickTock, led participants to re-engage and walk
more frequently. In contrast, feedback about completion of
traditional step goals best supported reaching one’s target
step count. These are quite subtle effects designers have to
consider. Aligning measures and feedback with the desired
behavior is key.

Previous research led us to expect Gardy to be a popular
interface. Participant’s responses, however, did not support
this. First, this serves as an important reminder that
interfaces for smartwatches are more public than
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smartphones. They must be evaluated not just for their
efficacy, but also for their fit with user self-identify [15]
and even fashion [42]. Second, while Gardy’s stylized
representation created some interest in the beginning, it
could not sustain interest. After observing one full cycle,
participants got bored. More variation, as offered by UbiFit
Garden, would be important here. How to fit this on a
watch interface, however, remains a challenge. Third, many
participants experienced difficulties in evaluating their
exact progress and planning actions over the course of a day
Gardy’s vague representation. Participants seem to mainly
associate exact measurements with a tracker and expect
according feedback. This may be a consequence of the all-
male, already physically active sample of participants, who
in fact already owned smart watches. However, this does
not imply that vague feedback is wrong. It can be a way to
motivate other people (e.g., novices), who do not respond
favorably to a framing of activity in terms of numbers and
performance. Fourth, the semantic link between a garden
and physical activity is rather weak. Because of this, the
garden does not offer the most meaningful story. Letting a
garden grow through activity appears slightly arbitrary.
Other "stories", such as tending to a Tamagotchi-like dog,
which wants and needs to be walked, might be more
acceptable and interesting over a longer period of time.

All in all, our study shows that glanecable feedback has a
positive effect in general, through its increased availability.
More importantly, we showed how subtle differences in
interaction emerge, depending on the exact concept (i.e.,
form) chosen. While some may argue that the how doesn't
matter as long as people become more active, we believe
that especially for a more sustained use the exact
mechanism invoked matter. While the garden may not have
been the wisest choice, a vague, varying, more story-like
concept could be more motivating than, for example, social
comparison in the long run. The story unfolds, while social
comparison simply becomes demotivating the moment one
realizes that there is no chance of getting ahead of others.
This hints a noteworthy limitation of our study. While it
was in the wild, it still featured only seven days of using
each interface. This prevents drawing any conclusions
about long term behaviors from the present results [21].

While future research is needed to assess long-term use and
effects, as well as differences in more diverse populations,
our study outlines a rich design space for these further
explorations. The results of the field study show the
importance of aligning feedback with the desired behavior,
and highlights opportunities to present more motivating
feedback and in ways that are have greater potential to
sustain user interest.
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5.3 — Discussion of results and conclusion

One of the main goals of our study was to understand if activity tracking systems can
be designed to influence people’s behaviors through quickly-consumable and always-
available representations of their physical activity (i.e. glanceable displays). Our study
showed that they can, by highlighting opportunities for goal-oriented actions.
Glanceable displays were frequently seen by participants, which in turn drove goal-
pursuit behaviors, including noticing and taking advantage of opportunities for self-
regulation and goal-directed actions (as similarly described in [17]). In this section |
describe this effect, and describe how glanceable displays can serve as a way to
complement the deeper and reflective way of using personal informatics, and activity

tracking devices.
Highlighting opportunities for goal-oriented actions

One of the main strengths of glanceable displays is their high frequency of being seen.
We found that having physical activity feedback integrated with a frequently
performed activity — namely, time checking, increased the frequency of interacting
with physical activity feedback. Participants interacted with their watches about 100
times per day, which is substantially higher than the number of times we found users
to interact with a activity tracker application on a smartphone or on a wrist-worn
activity tracker — respectively, 5 and 10 times per day, as seen in our Habito (see

chapter 3) and Invivo (see chapter 4) studies.

As hypothesized by Consolvo and collegues [18], these frequent interactions with
physical activity feedback seemed to “trigger goal-pursuit behaviors, including
noticing and taking advantage of opportunities for goal-directed actions” (p. 244). An
example can be seen in our Normly interface. Normly compared users’ goal
completion with others with a similar daily step count goal; whenever checking
Normly, users could see if they were ahead, inline or behind other users with a similar
goal. We found that participants were more likely to engage in short bursts of physical
activity when seeing themselves closely behind or ahead of others. If the differences
were large in either direction, users rather felt demotivated: they either felt

comfortably ahead or too far behind to catch up. Participants’ motivation to perform
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physical activity, in this case, was at its highest when identifying opportunities for goal-
oriented action — namely, keeping closely ahead or behind other people with similar

walking goals.

These instances, however, were an exception when interacting with Normly. In over
60% of the interactions with this interface, participants saw themselves substantially
underperforming. Rather than presenting demotivating feedback in these instances,
feedback should maximize its effect on behaviors. One approach could be to adapt
the very nature of these displays. For instance, instead of being persistently displayed
on the background of one’s watch (or phone), this feedback could arise only during
opportunities for goal-oriented action —such as when a user is closely ahead or behind
his friends. This feedback could be hidden, or even adapted when user start falling
further away. This strategy could minimize the potential aversion and reactance of
having always-visible, “non-motivating” feedback of one’s physical activity (as noted

in [47]).
Transitioning glances to deeper reflections on one’s health

As mentioned in Chapter 4, personal informatics literature has assumed two modes
of interacting with respective systems: the reflective, in which insights are gained
through deep reviews and explorations of data; and the impulsive, in which people
process data and take action quickly and unconsciously. As such, most of today’s
systems are built to support either one or another mode of use. For instance, a
number of researchers have investigated how to best support the reflective mode of
use through rich visualizations of historical information (e.g. [25]), or the impulsive

mode of use through glanceable visualizations of physical activity feedback (e.g. [20]).

| argue that future work should focus on connecting these two modes of use. While
glanceable displays support the impulsive mode of use by providing frequently visible
and abstract representations of self-monitoring feedback, these displays are often
limited in their support for reflection. Glanceable displays typically are low on

information and are limited in terms of the interactions they support (as noted in [18]).

We understand glanceable displays as “portals” to deeper engagements with activity

tracking data. In addition to supporting in-the-moment motivation, we also desire to
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use frequent, short glances with trackers to promote moments of exploration and
learning, in which individuals engage with their data towards developing newfound
self-knowledge — such as identifying and making sense of trends and patterns in one’s
behaviors [51]. One strategy could be to present feedback that acts as cues for further
reflections and engagement with feedback. For instance, a activity tracker may notify
a user about his or her high sedentary levels and only through further interaction this
story becomes more telling, by for example, providing physical activity levels over the
past 30 minutes, creating more opportunities to reflect about reasons for the current
lack of physical activity (e.g., place, time, habits). Glanceable displays would, under
this perspective, unveil the beginning of a story, which will further unravel when

people chose to engage further.
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Chapter 6.

Discussion and Conclusion

My dissertation contributes to an examination of how people use activity trackers
within their daily lives and how the design of these devices can be improved towards
supporting their uses and needs. Beginning with two inquiries of how people interact
with activity trackers (see Chapter 3 and 4), my work has contributed to a renewed
understanding of how people derive insights and change their behaviors as the result
of using an activity tracker. Based on these insights, | have implemented and evaluated
a number of novel designs which address some of the ways in which people gain value

from the use of their trackers (Chapter 5).

Within this chapter, | return to the overarching research questions of my dissertation
and discuss the ways in which they were addressed, and how they contribute to an

existing body of work in activity tracking, and personal informatics.

6.1 - How do people interact with physical activity trackers in their daily
lives? (RQ1)

People’s use of activity trackers often does not follow the traditional reflective
process, in which people collect, then carefully explore and review their data in order
to plan future courses of action [51]. Instead, we found the use of activity trackers to
be predominantly impulsive, where users simultaneously reflect, learn and change
their behaviors as they collect data. As discussed in Chapter 3, over 70% of the
interactions with a mobile activity tracker were glances - brief, up to 5 second long
interactions with trackers, in which people’s interactions did not involve the
exploration of historical data. Glances were assumed to support the frequent
regulation of behaviors; people would estimate how likely they were to meet their
goals, and introduce action when needed. In Chapter 4, we showed that these brief
moments of interaction with trackers did not only support action, but also learning

and moments of self-discovery.

These results highlight the fact that people do not necessarily have to engage in deep

reviews and explorations of data to act upon and learn about their behaviors. Learning
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and action, also happens in-situ and impromptu, as people collect data. This suggests
a need for designs of tracking tools that support brief moments of learning and action
as they arise in people’s lives. This may involve the development of novel feedback
displays (such as glanceable displays), or even the automatic surfacing of insights (as

discussed in Chapter 5).

As further discussed in Chapter 3, we found a significant amount of people to abandon
the use of an activity tracker within early days, or weeks of use. We showed that these
abandonments were strongly connected to people’s motivations towards behavior
change. Users inintermediate stages of behavior change — characterized by having the
intention but not yet the means to become physically active, had an adoption rate of
56%, whereas those in initial and advanced phases of behavior change — characterized
by being unwilling to become physically active or already having physical activity
incorporated as an intrinsically motivated practice, had adoption rates of

approximately 20%.

Further, people were found to engage less with their data as they become more self-
reliant and see themselves succeeding towards their goals. As discussed in chapter 3,
trackers were used as “deficit technologies”, to which people mostly turn when
needing support — such as during low levels of goal completion. On one hand, the
gradual disengagement with trackers could be seen as a case of success (in the cases
where physical activity becomes an intrinsically motivated practice). However,
research has repeatedly found that a minimum of engagement with trackers is
important to prevent relapses to previous behaviors [71]. In Chapter 3, we have

suggested three ways for designing trackers that sustain users’ engagement:

Support people in their different needs: In Chapter 3, we highlight the need to design
trackers that adapt to people’s different motivations towards behavior change, and
different goals when using a tracker. Besides being designed as tools to support the
process of behavior change, activity trackers should also be designed to instill a desire
for change and help prevent relapses in behaviors. Further, trackers should also be
designed to support uses beyond behavior change. As highlighted in Chapter 4, people
use trackers to address several, overlapping goals besides behavior change — such as

learning and self-discovery;
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Creating feedback that creates strong checking habits. In Chapter 3, we show that
showing people novel content on their activity trackers (such as messages which are
constantly updating their content) has the potential to sustain their engagement with
a tracker, both on a single session level (e.g., duration of an interaction with a tracker),
as well as in terms of overall patterns of interaction (e.g., time to next usage). Building
on these findings, and on recent work that highlighted smartphones’ capacity to
create checking habits through dynamic content, such as social media updates and
incoming emails [67], we suggested using novel, always-updating content to sustain

engagement with trackers.

Transitioning glances to moments for reflective engagement. While explorations of
historical data is important for reflection, and thus, crucial for behavior change, we
found only a minority of participants to engage in explorations of their data. We argue
that future work should focus on connecting people’s brief interactions with trackers
to moments of deeper explorations of their data. For instance, motivated by the way
movie trailers portray small and enticing segments of upcoming movie scenes to instill
curiosity among viewers, we ask: what if activity trackers provide snippets of
information to foster users’ interest in exploring additional data? As an example,
trackers could highlight trends in users’ data (e.g. Home has been your most active
location of the week. On average, 400meters more than other locations) while
offering users the opportunity to explore the underlying historical data (e.g., graphs

comparing walking distances across different locations) [34:5].

6.2 - How is the use of activity tracking devices integrated into the fabric

of people’s daily lives? (RQ2)

People’s use of activity trackers was deeply entangled with their daily routines and
practices. In Chapter 4, we showed that people make sense of their data, and decide
for future plans of action, as the result of complex interactions between their data and
the surrounding environment. For instance, many people interacted with their data to
learn about ongoing activities — such as how active they were while teaching a class,
or during house chores. Through this work, we saw an opportunity to shift activity

tracking devices from records of personal data and goal completion to tools that
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examine people’s routines, habits and present opportunities for improvement when
adequate. For example, a teacher who wants to explore how active she is while
lecturing a class should be given the opportunity to find answers to questions like,
How does the duration of the class and number of students influence how physically
active lam? How does this compare to the other classes that | teach? How was | feeling
at that time? What tasks was | assigning the students with? What was happening to
me during that day? This may involve enhancing data collection with contextual
details —such as details from the activities under which data is tracked; or through the
use of semi-automated tracking approaches, where users can add label, annotate and

inquire into their internal states, like emotions, thoughts, and intentions.

We also found the surrounding environment to impact the ways in which people
planned, and took action upon their behaviors. For instance, we found many people
to use their trackers to form micro-plans, short courses of action planned within daily
routines geared towards meeting one’s levels of physical activity. Such plans would
vary in their temporal proximity and extend, from small detours in the near future
such as grabbing some water while waiting for the printer, to ones more significant
and distant in time, such as reaching 1000 steps goal during an upcoming trip to the
gym. These plans were found to be flexible, accounting for people’s surrounding

contexts and to the variability of their daily routines.

While the positive effects of proximal goals on performance have been highlighted by
research in goal setting (e.g. [54]), the majority of today’s trackers continue to adopt
a daily step goal. Our results, however, point towards the need to transition to
strategies that support short, flexible courses of action planned within daily routines.
As an example, we have proposed CrowdWalk [66], a mobile application that infers
users’ location and presents a list of walking activities that can be initiated from one’s
current location. For instance, a user may be challenged to take their dog for a walk
after a long period of TV watching. CrowdWalk aim at fostering an alternative
approach to the dominant narrative of self-improvement and behavior change.
Although Crowdwalk records user’s walking distance, the goal is not to evaluate
performance, but rather to raise awareness towards short courses of action that can

be taken within people’s daily lives.
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6.3 - How can we design physical activity feedback that help people

learn and take action upon their behaviors? (RQ3)

Building on the finding that over 70% of the interactions with an activity tracker were

glances — brief moments of interaction with trackers, in which people attempted to

take action and learn about their behaviors, we asked: how can we design user

interfaces that support brief moments of interaction with data for learning and

action? In Chapter 5 we did exactly this; we explored how glanceable displays can be

designed to best impact people’s behaviors. Through a iterative process of synthesis

and analysis, we devised six design qualities for glanceable feedback:

Integration with frequently performed activities: Embedding feedback into
frequently accessed locations makes feedback more likely to be seen. In
Chapter 5, we found that integrated feedback as the background of a watch,
increased the frequency of interacting with physical activity feedback. People
interacted with their watches about 100 times per day, which is substantially
higher than the number of times we found users to interact with a activity
tracker application on a smartphone or on a wrist-worn activity tracker —
respectively, 5 and 10 times per day, as seen in our Chapter 3 and Chapter 4;
Abstraction of data: Abstracting physical activity data through, for instance,
forms, images or animations, can help people gain quick awareness on their
behaviors (as similarly described in [19]). In Chapter 5, we showed ways of
abstracting physical activity feedback through forms, such as circles or stylized
representations of a blossoming garden;

Supporting comparisons to targets and norms: Feedback that presents
progress in comparison to a normative target can help users maintain an
awareness of their performance at a glance. In Chapter 5, we found such
comparisons to have a strong effect on people’s behaviors. For instance, we
found that users were motivated to perform physical activity when finding
opportunities to keep their performances closely in line with the those of other
people which they shared similar walking goals with;

Actionable feedback: As suggested in Chapter 3, glanceable feedback should

not only inform people about their behaviors, but also help them identify
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opportunities for action. As discussed in chapter 5, one idea could be to
present people with walking challenges at points of decision making - such as
suggesting them to take the stairs, while waiting for the elevator, or to leave
their shopping cart behind while walking back and forth to gather items at a
supermarket;

e Driving checking habits: In Chapter 3, we show that showing people novel
content on their activity trackers — such as novel feedback messages, has the
potential to sustain their engagement with a tracker. Building on these
findings, we suggested using novel, always-updating content to sustain
engagement with trackers over the long-term, and;

e Acting as a proxy to future engagement: We suggest that glanceable displays
can be designed with the goal of connecting people’s brief interactions with
moments of deeper explorations of their data. As discussed in Chapter 5, one
idea could be to present brief snippets of information to users (e.g. Today you
walked less than usual), while offering users the opportunity to further explore
the underlying data (e.g. by connecting these snippets to richer visualizations
of their physical activity). When presented with these snippets, the user may

become interested to explore the grounds for these insights.

Next, we evaluated a number of different designs in a field study. Overall, our study
showed that glanceable displays, due to their increased availability, have the potential
of highlighting frequent opportunities for target-oriented action — such as keeping in
line with the performance of people with similar goals; or keeping a sufficient number
of active minutes in the preceding hour. In our analysis of how people responded to
our different designs, their use to support the self-regulation was striking. For
instance, people who saw that they had a sufficient number of active minutes in the
preceding hour were less likely to initiate a new walk, while those who had not been
active were more likely to initiate a new walk soon. These results show the importance
of aligning feedback with desired behaviors, and highlighting opportunities for

pursuing goal-oriented action.
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6.4 — Conclusion

As the rates of chronical diseases, such as obesity, cardiovascular disease and diabetes
continue to increase, the development of tools that support people in achieving
healthier habits is becoming ever more important. Activity tracking devices hold the
potential of helping pursue healthier lifestyles. However, for this promise to be
fulfilled, these systems need to be well designed, not only in terms of how they
implement specific behavior change techniques, but also in how they integrate into

people’s daily lives and address their daily needs.

To this end, our understanding of how and why people use these devices must
continue to evolve as activity trackers become increasingly prevalent in people’s daily
lives. Designers and researchers should acknowledge the lived perspective of tracking.
Trackers, nowadays, are deeply entangled in people’s daily activities and in their
overall lives. People make sense of their data, engage in learning and act upon their
behaviors as the result of complex interactions between their data and the
surrounding environment. These advances are likely to continue changing how people

interact, reflect and act upon their data.

What is clear from our work is that following these developments is difficult. Yet, as
these devices become ever more central, and present in people’s everyday lives,
understanding their everyday use is crucial. | have argued towards a need for
complementing (or even moving away from) traditional methods for evaluating and
investigate the daily use and efficacy of these tools (such randomized controlled
studies), with methods that manage to capture the lived perspective of tracking. | have
shown how methods — such as log-based and video-based methods, can help us gain
a better understanding of the values that people derive from their everyday tracking
practices, and how physical activity is brought about as the result of interactions with

different components of activity tracking systems.

Allin all, | believe that understanding the use of these devices in the everyday life, is
a precondition towards the development of tools that best help people derive value
from their tracking. While plenty of great work has already been conducted within the

HCl community, further work is still needed to better understand how to design
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activity tracking devices that are truly effective for delivering patient-driven

healthcare.
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