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Abstract

Millions of people have already collected weeks, months and even years of data about
their own health and physical activity levels. This is expected to grow with the rise
of tracking in non-dedicated devices such as smart phones and smart watches. The
potential is enormous for use in personal applications as well as for public health anal-
ysis of large populations at low cost. However, beneath the promise of big data and
its assumed usefulness, the reality is many people fail to wear their tracker and record
data all day every day especially over the long-term. This presents a key barrier of
data incompleteness. The resulting incompleteness poses an important challenge for
interpreting long-term tracker data, in terms of both making sense of it and in dealing
with the uncertainty of inferences based on it. Indeed, studies have shown that very
few trackers made use of their own long-term data including those who have already
amassed months and even years of it. While incompleteness in physical activity tracker
data may appear uncontroversial, surprisingly, there has been little work into defining
the problem, its extent and how it should be measured and addressed.

This thesis tackles this key challenge that is central to harnessing long-term phys-
ical activity data. We demonstrate the need for a term to describe and quantify this
challenge. We introduce the term, adherence, which quantifies the completeness in
such data. We also offer interface designs that accounted for adherence to support
self-monitoring and reflection. Bringing these together, we offer broader definitions
and guidelines for incorporating adherence when making sense of long-term physical
activity tracker data, both in personal applications and in public health research results.

This thesis is based on three studies. First is a semester-long study of tracker use by
237 University students. Second is a study of 21 existing long-term physical activity
trackers and provided the first richly qualitative exploration of physical activity and ad-
herence of such users. It also evaluated the iStuckWithlt, a long-term physical activity

data user interface, and reported on insights gained within and as aided by a tutorial
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and reflection scaffolding. In the final study, we drew on 12 diverse datasets, for 753
users, with over 77,000 days with data and 73,000 days missing to explore the impact

of different definitions of adherence and methods for dealing with its implications.
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Chapter 1
Introduction

The aim of this thesis was to help people make sense of long-term physical activity
tracker data, at both the individual and aggregate or population levels. The key to
achieving this is tackling the challenge of data incompleteness.

1.1 Motivation

If an individual can maintain healthy habits, including maintaining regular lev-
els of physical activity, they can live longer, be healthier and retard the aging
process [Bandura, 2005a]. However, this can be challenging as it requires con-
sistent and repeated effort over long periods of time. A large body of work
shows that we can help people achieve this goal by improving their ability to
self-regulate, including self-monitoring, self-re ection, goal setting and planning
[Shilts et al., 2004, Consolvo et al., 2009, Strecher et al., 1995]. These topics have
been of intense interest in the eld of personal informatics, which focuses on the
study of self-tracking tools and applications that support self-monitoring and re ec-
tion towards personal goals [Li et al., 2010, Rooksby et al., 2014, Choe et al., 2014,
Consolvo et al., 2014, Fritz et al., 2014].

Self-monitoring refers to when individuals tracking their own data to observe ac-
tual behaviours and patterns [Bravata et al., 2007]. Indeed, many people are already
using tracker data to monitor a variety of health-related personal behaviours such as
food consumption, sleep and physical activity [Li et al., 2011, Rooksby et al., 2014,
Choe et al., 2014, Consolvo et al., 2014, Epstein et al., 2016a]. Moreover, interviews
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and surveys of early adopters of this technology show that health and well-being is a
key motivation for tracking. Researchers have reported that people often use tracker
data to reach a goal, such as a weight loss goal, to manage medical conditions or to
make better health decisions [Choe et al., 2014, Li et al., 2011, Rooksby et al., 2014].

Self-re ection refers to when individuals consider their own data and its im-
plications for achieving their goals. Studies have shown that personal tracker data
has the potential to help individuals consider how their environmental factors,
such as work, school, seasons and where they live, affected their activity lev-
els [Consolvo et al., 2014, Choe etal., 2014, Rooksby et al., 2014, Lietal., 2012,
Bentley et al., 2013].

Goal setting and planning refers to plans created and actions that are performed
in response to self-monitoring and re ection. For example, a person may consider
lowering their goal or target from 10,000 steps per day to a more achievable 6,000
steps. Self-re ection may also prompt an individual to make plans to alter their envi-
ronments, such as choosing a home that is closer to public transport or planning to be
more active on weekends. There is a large body of literature that points to the potential
for using goal setting as a strategy for healthy behaviour change [Strecher et al., 1995,
Shilts et al., 2004, Consolvo et al., 2009]. The ability to set the right goals and plans is
critical to successfully achieving goals.

Health and well-being demand long-term goals that require consistent and repeated
effort over the long-term. Long-term data has the potential to play an important role
in supporting people in achieving such goals. For example, Li et al. [Lietal., 2012]
found that long-term trackers wanted to be able to track data over seasons and even
years. They wanted to relate their activity to contextual information in order to help
them to make sense of their data. Another potential use for long-term data is to help
people formulate new hypotheses and to evaluate the effectiveness of past long-term
strategies. This may even help individuals to make long-term decisions such as where
to live and work, e.g.l thought moving to the suburbs would allow me to take public
transport more often, thus enabling me to be more active. Has this been true over the
last two years, since | moved?”

Having access to ne-grained and long-term data can also allow systems and appli-
cations to draw on insights gained from a user's past in order to provide personalised
and actionable recommendations. The emergence of consumer physical activity track-
ers such as the Fitbit has drastically improved people's ability to collect long-term
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physical activity data. Such trackers can provide ne-grained (e.g., per minute), objec-
tive measures (e.g., steps, active minutes) at a low cost, and these devices are designed
to be worn for extended periods of time. However, there has been very little research
on the use of long-term physical activity data and there has been few studies of systems
and user interface designs that help people make good use of this data. Indeed, stud-
ies of existing personal trackers have reported that people make very little use of their
long-term physical activity data [Bentley et al., 2013]. Interestingly, studies suggest
that people have been reported to view their long-term data as valuable even though
they currently have not found a use for it [Barua et al., 2013, Elsden et al., 2015].

The limited use and insights into how long-term physical activity data can
be effectively used are not surprising since consumer activity trackers have only
recently emerged, and at this point in time, the only very long-term users are
the early adopters of this technology. As personal tracking matures and the col-
lection of long-term data reaches the mainstream, the need for tools and user
interfaces that support people in making sense of long-term data will become critical
[Lietal.,, 2011, Consolvo et al., 2014].

When personally collected long-term physical activity data is aggregated into data
collections that cover whole cohorts and populations, there is enormous potential to
provide valuable insights into these cohorts or populations. Tablé gravides ex-
amples of two types of questions that long-term physical activity data can answer with
individual and aggregate level data: activity level and goal met. With their own indi-
vidual long-term data, users can ask how active they have been (e.g., 10,500 steps a
day over the last six months) or how often they have met their active minutes goal (e.g.,
at least 30 active minutes on 70% of days over the last six months). When this data is
aggregated over a comparable sample, an individual can ask questions about how they

1 Table 1.1 also appear as Table 5.1.

Table 1.1: Examples of important questions long-term physical activity data can an-
swer, at the individual or aggregate level.
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compare to similar individuals.

Aggregate or population data is also useful for public health data analysis. For
example, public health studies can examine the activity level of a population or cohort
of people (e.g., only 20% of people achieve at least 120 active minutes per week). This
can then be combined with other health and social factors to better inform future health
recommendations and public policies. For example, Althoff et al. [Althoff et al., 2017]
demonstrated the public health use of large and long-term aggregate data in a study
comparing activity inequality between people in 111 countries.

The Challenge of Incompleteness

A key challenge to realising the full potential of long-term physical activity data is that
this data is often incomplete. Incompleteness can be due to different wearing habits or
preferences (e.g., a person may only wear their tracker during part of a day, weekdays,
weekends, or may have stopped wearing it when the tracker did not match the fash-
ion) [Shih et al., 2015, Meyer et al., 2017, Harrison et al., 2015], the device or design
of the device (e.g., battery life, no waterproo ng) or physical constraints (e.g., work-
place or sports safety requirements, clothing) [Epstein et al., 2016b, Fritz et al., 2014,
Shih et al., 2015]. Inconsistent gaps in data of varying lengths can also occur due to
other reasons, such as changing of devices (e.g., lost, broken, new), going on holiday,
the presence of an injury or health problems or because the user may have simply lost
interest in tracking for a while [Epstein et al., 2016b]. Indeed, studies of long-term
physical activity trackers have found that incompleteness is far more common than
completeness [Epstein et al., 2016b, Meyer et al., 2017].

Incomplete data can be a threat to reports and systems that depend on it. Fogg
[Fogg, 2003] warned that systems that produce inaccurate or questionable data can
result in loss of trust, thus limiting their usefulness. Studies of personal infor-
matics and healthy behaviour change systems have produced similar observations
[Consolvo et al., 2014, Bentley et al., 2013].

One approach to addressing the problem of incomplete tracker data is to nd
a way to encourage or help people to be more consistent in wearing their tracker
[Tudor-Locke et al., 2015, Faust et al., 2017, Gouveia et al., 2015].
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Figure 1.1: Map of the thesis: Studies conducted, their contributions and the respective
chapters that describe these studies and contributions.

However, this thesis takes a different approach. This thesis aims to harness long-
term physical activity tracker data even when it is incomplete. This is important be-
cause the literature indicates that many people's long-term physical activity data is
incomplete [Epstein et al., 2016b, Meyer et al., 2017, Shih et al., 2015].

1.2 Key Contributions & Thesis Structure

This thesis explores how we can help people to make sense of long-term physical
activity tracker data. Figure 1.1 shows a map of how this thesis evolved over the three
studies conducted. The gure shows how these studies map to the ve contributions
and chapters in this thesis.

The rst study, Study 1 in Figure 1.1, was a preliminary exploration of how people
use their trackers over an extended period of time, and the patterns in their physical
activity. What really stood out when analysing the data from the 237 students over the
semester was just how important the varied the wearing behaviour was. It became clear
that any reporting on activity levels should account for the uncertainties that occur as
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a result of different wearing behaviours within a cohort over the long-term.

Study 2 in Figure 1.1 was a three-part experiment involving 21 participants who
had been wearing a tracker for at least six months. The design of this second study was
in uenced by the rst study's ndings on tracker wearing behaviour and the resulting
incompleteness that can occur in activity tracker data. As such, interviews were rst
used to explore how these existing long-term trackers made use of their long-term data
and what they understood about their own long-term physical activity. The second
part of this experiment evaluated ti&tuckWithltinterface. ThaStuckWithltdesign
was also in uenced by the notion that incompleteness, which is a form of uncertainty,
should be exposed and accounted for especially when helping users re ect on their own
long-term physical activity data. The third part of this experiment assessed the bene ts
of a self-re ective scaffolding panel that was intended to help people consider aspects
that are important for understanding their physical activity levels. Three contributions
resulted from this study: 1) new insights into the data use of people who are long-
term trackers; 2) the design of a user interface for self-re ection on long-term physical
activity data; 3) evaluation of this data in terms of the insights participants gained from
it, both unaided, and with scaffolding.

The rst two studies really highlighted the importance of dealing with incomplete-
ness. In Study 3 shown in Figure 1.1, we took a step back and examined how to deal
with incompleteness in long-term physical activity data. This involved review of ex-
isting work on accounting for data incompleteness due to tracker wearing behaviour.
The contribution of this study is based on our de nitionaafherencethis study ex-
plains how measures of completeness can be used as a framework for addressing the
challenges presented.

Chapters 2 to 6 of this thesis are a series of publications reporting these studies and
contributions. In the following sub-sections, a more detailed summary of each chapter
is provided, including background, a summary of the key ndings and how the chapter
contributes towards the thesis goal of supporting people to make sense of long-term
physical activity data. We also highlight the key aspects of the reviewed literature in
each chapter and its place in this thesis.
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1.2.1 Chapter 2. Exposing incompleteness in long-term physical
activity data

Early in our research, we found that perceived inaccuracy of data from activity trackers
can be a key barrier to continued adoption. The literature reviewed in this chapter
introduces the challenge that incompleteness in activity tracker data poses to perceived
accuracy, and ultimately, the trust and usefulness of the data collected by trackers
[Consolvo et al., 2014, Lazar et al., 2015, Yang et al., 2015, Harrison et al., 2015].

Our review revealed few studies that had analysed data from large cohorts of indi-
viduals wearing personal activity trackers over periods of time of more than a few days
[Cadmus-Bertram et al., 2015a, Shih et al., 2015], and none of these reported in detail
their wearing patterns. Thus, it was unclear how long each individual wore their track-
ers for during the day, and whether tracker wearing behaviour was consistent among
individuals, or across groups and over time. Moreover, there were no analyses of the
potential impact of wearing patterns on the interpretation of long-term physical activity
data in relation to questions such as the examples in Table 1.1 e.g., do wearing patterns
affect the determination of the answers to key questions about a population's average
daily step count?

In this rst study, we examined the wearing behaviours of two large cohorts of
university students during a semester [Tang and Kay, 2016]. A total of 237 students
from information technology (IT) and medical science (MED) courses were provided
with a loan Fitbit Zip device for the duration of a university semester, which included
a mid-semester break. The sample was a convenience samples; nonetheless, the two
cohorts were large and were characterised by distinct differences in physical location
within the university, as well differences in social environments due to differences in
courses studied. These are detailed in Chapter 2.1.2. In analysing the data from these
cohorts, we introduced two new completeness measdealy. and hourly adherence
Daily adherence refers to the number of days where a user recorded at least one step,
and hourly adherence refers to the number of hours in a day that the user recorded
at least one step. We hypothesised that these measures would enable us to examine
wearing behaviour in more detail and would expose challenges in to making sense of
physical activity tracker data.

This study revealed two important challenges to perceived accuracy. First, as ex-
pected, even on days where users did wear their tracker, many did not wear it for the
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whole day: we de ned this as wearing the tracker for less than 10 hours. Based on
this, 10 hours of data was de ned as adherence; IT and MED students differed in the
percentage of users who consistently wore their tracker the whole day during the study
period. Second, we showed that there were similarities in wearing patterns between IT
and MED students (e.qg., lower daily adherence on weekends and mid-semester breaks),
as well as signi cant differences between the cohorts (e.g., overall adherence levels).
This study is our rst to use the teriadherenceo describe completenes&dher-
enceis based on the notion that an activity tracker data should give accurate answers
about activity for people who have worn their tracker all day, every day, i.e., 100%
adherence. Adherence measures, such as daily or hourly adherence aim to describe
the level of completeness in wearing behaviour, i.e., less than 100% adherence. There
are many reasons why people may not want to, or be able to, wear their tracker all
day every day. For example, a user may be restricted by their work requirements or
sportwear requirements, or they may only be interested in tracking data when exercis-
ing or tracking during weekdays at work. Adherence is a core underpinning concept in
this thesis; it was further explored in Study 2, as shown in Figure 1.1, culminating in a
deep exploration in Study 3.

1.2.2 Chapter 3: How existing long-term physical activity trackers
use their own data

In our quest to help people make sense of their long-term physical activity data, the
paper in this chapter [Tang and Kay, 2017] examined how existing long-term trackers
use and make sense of their own long-term data. We interviewed 21 existing physical
activity trackers, i.e., people who had used trackers for six months or more (average
23 months; 17 participants averaged one year or more). In addition, we conducted a
gualitative analysis of the rich responses of these participants to interview questions
about their self-knowledge of their activity levels and actual use of their long-term
physical activity data.

The literature reviewed in this chapter focused on previous work addressing in-
completeness in physical activity tracker data. This review also situated this study as
the rst in-depth exploration of the use of long-term physical activity data by existing
users, and the rst study to design and evaluate an interface depicting adherence in-
formation as part of the user interface for self-monitoring and re ection on long-term
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physical activity data.

Perhaps the most surprising nding from this work was that while our participants
accumulated long-term data, it was mainly as a by-product of short term uses. Most
participants simply used their tracker to get a daily and weekly view of their activ-
ity levels. Only six (29%) participants examined their data over periods longer than
one month and only one participant regularly used his long-term data to set goals.
In line with other research [Lietal., 2011, Consolvo et al., 2014, Choe et al., 2014,
Bentley et al., 2013, Rooksby et al., 2014], we concluded that a key barrier for them to
users exploring their long-term data is dif culty in aggregating this data in a meaning-
ful form. Put simply, even if people want to examine their long-term physical activity
data, it is currently dif cult to do so.

Another surprising insight from this study was that many of our participants, who
were long-term users of activity trackers and reported that they reviewed their data
each day, did not have very accurate awareness of their own activity levels. This as-
sertion is supported by two ndings. First, when we asked users to estimate their own
activity levels, there was a 20% difference (on average) between the estimated and ac-
tual activity levels in their tracker data. Second, when asked whether they were more
active on weekends versus weekdays, of the 12 who felt able to provide an estimate,
six (50%) got it wrong. This included one participant who was very active and closely
monitored his own physical activity data.

This study contributes important knowledge on how existing trackers used their
own data. Together, the ndings highlight the need for further development of tools to
help people make use of their own long-term physical activity data.

1.2.3 Chapters 3 & 4: iStuckWithlt - User interface designs for
long-term physical activity data

A key aspect to helping people to make sense of their long-term physical activity data
is the design of suitable systems and user interfaces that make that data available in a
form that enables users to answer important questions, such as those in Table 1.1. This
paper reviewed personal informatics literature on the landscape of the user interface
designs of physical activity trackers, providing a summary of what people wanted to
see and the different design approaches, and giving an in-depth review of existing user
interfaces for long-term data. This paper provides the background and the motivation
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for the design ofStuckWithlt

This study aimed to extend the limited available work on user interfaces for long-
term physical activity data. In addition, we hypothesised that a suitably designed user
interface can be effective in supporting re ection when it also exposes the incomplete-
ness in data (in the form of adherence measures) and relates this to the user's activity
levels and goals.

To this end, we developa8tuckWithli a user interface that allows users to upload
then view their own long-term physical activity data. Figure 2shows an overview
of the user interface. The centrepiece of this design is the calendar chart visualisation
which encodes whether the user reached their goal (dark blue cells), 50% of their goal
(light blue) or less than 50% of their goal (white). In this design, we visualised two
adherence measures (daily and hourly adherence). Daily adherence is shown by the
cell colour: days where the user did not record data are encoded as grey cells in the
calendar. The aim of this interface is to provide an overview of actual step counts to-
gether with information about incompleteness for long-term data. Hourly adherence
is the average number of hours of tracker wear per day, shown as a weekly bar graph
below the calendar. The aim of this is to show incompleteness at the daily level. Users
are also able to hover over individual cells to view detailed information about their
activity level and hours of wear on a particular day. In addition to steps, users can
switch the viewed data to active minutes or distance travelled since these are also im-
portant measures for re ection over the long-term. Users can also to switch between
the goal view (three colours) and the gradient view, where the colour (darkness) of a
cell is mapped to a gradient determined by an activity value between 0 (white) and the
global maximum (darkest blue), as shown in Figure®1.Bhis gradient view is useful
for users who do not have a target goal; this mode was intended to help these users
explore their data and then set a goal.

The design ofiStuckWithitevolved based on the experiences of our research
group in designing of user interfaces for visualising long-term physical activity data
[Barua, 2016]. Inspired by works in information visualisation and interactive tech-
niques used within our group, we chose the calendar visualisation as the centrepiece
of our design, with interactive techniques to support the exploration of details within
the data.

2Figure 1.2 also appears as Figure 3.1.
SFigure 1.3 also appears as Figure 3.2.
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Figure 1.2: iStuckWithltfor hypothetical user Alex for 2013 to 2014. This screen-
shot shows his long-term steps data against a step goal (A) of 10,000 steps / day (F).
(A) Button selects type of data (step count is selected). (B) Calendar heat-map, with
colour intensity showing daily goal adherence: dark bkie {0k steps), light blue
(5-10K stops), white 5K steps, grey for no data). (C) Period with no data. Note:
the combination of missing data (grey cells) and goal adherence (3 colours) conveys
daily adherence (or when they wore their tracker). (D) Hourly adherence is shown by
the weekly bar graph (average hours / day wearing tracker). (E) Mouse-over Tool-tip
for detail of a day (i.e., 6154 steps on Nov2B013). (F) Coding key and settings to
change goal target. (G) Toggle to switch view which is shown in Figure 3.2. Notable
features: low goal achievement on weekends; stopped wearing tracker for three multi-
months blocks. 2014 has higher daily and goal adherence than 2013.
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Figure 1.3:Gradientview of step count (i.e., using colour gradient to denote values
from 0 to max step count of 14,868 (upper right chart - colour range legend). This
view is activated by the toggle shown in Figure 1.2 (G).
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We evaluatedStuckWithltin a laboratory study with 21 existing long-term physical
activity trackers users [Tang and Kay, 2017]. We asked the participants to view their
own data using a think-aloud protocol while we observed their interactions. Then, we
interviewed them about what they had learned and their experiences.

As part of this work, we also explored whether scaffolding support can enhance
the coreiStuckWithltinterface designs [Tang and Kay, 2018a]. We hypothesised that
people may need help when making sense of their own long-term physical activity
data especially if encountering it for the rst time. To explore this, we evaluated
two types of scaffolding: goal prompt and tutorial. The goal prompt scaffolding is
a side pop-up panel that asks the user ve questions about their goals and behaviour,
including: are they achieving their goal, should they change goals, with consider-
ation for whether they are at work or and not at work, and if it is a weekend or
weekday or a holiday. The tutorial scaffolding asks the user to review the data from
two hypothetical users, with mocked data that highlights key concepts withisthe
tuckWithlt design. The scaffolding designs were in uenced by literature on meta-
cognitive scaffolding and self-regulated learning technologies [Azevedo et al., 2010,
a.W.M.M. Aleven and Koedinger, 2002]. While the premise underlying introduction
of the scaffolding was focused on helping students with self-regulated learning, we
believe that the scaffolding could be useful in the context of helping people make use
of their own long-term physical activity data.

Our work revealed several key insights that can inform the future design of long-
term physical activity user interfaces that aim to support self-monitoring and re ection.
First, the design ofStuckWithltwas very effective in helping users re ect on their
own data. Encoding long-term physical activity data in a calendar chart visualisation
enabled users to not only view an overall picture, including long-term trends, but also
view the detail in their data.

Second, exposing adherence measures (daily and hourly) helped users to re ect
on their own wearing behaviour. Many discussed the context and circumstances of
non-wear or gaps in their tracking. Moreover, many were surprised or were unaware
of the level of incompleteness in their own data. The display of daily adherence was
readily understood and valued. The hourly adherence information was less effective.
For mnay participants with very high hourly adherence, this pattern of behaviour was
constant throughout the study and thus, was not very interesting. Nonetheless, even
those with less consistent hourly adherence had dif culty seeing the value of this data.
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Third, our study showed that there is indeed a need for scaffolding support. While
most users gained insight from viewing their own data usBtgckWithlt the goal
prompt scaffold helped many to consider and discover insights that they missed. This
work also highlighted potential directions for creating future interfaces to provide per-
sonalised scaffolding. We have made several suggestions for future applications in
[Tang and Kay, 2018a].

1.2.4 Chapter 5: Exposing incompleteness and de ning adherence

The paper in this chapter [Tang et al., 2018] reported on two aspects of our third and
nal study which focused on dealing with incompleteness in physical activity tracker
data. The next two sub-sections rst introduce the work by exposing the gaps in the
methodology for dealing with incompleteness. Then, de ne adherence is de ned in
terms of measures of completeness with the aim of addressing the challenges exposed.

Exposing the gaps in methodology for dealing with incompleteness

Our rst two studies led us to ask the question: how appropriate are existing
methods for dealing with incompleteness in this type of data? In our third study
[Tang et al., 2018], we established a collaboration with leading researchers in the
elds of personal informatics and public health. This enabled us to create a rich pool
of 12 datasets, containing data from 753 unique individuals; the dataset comprised
77,000 days with data interspersed with 73,000 days without data. This analysis of
these datasets makes several contributions. The datasets are listed in Table 1.2

First, our datasets differed widely in how the physical activity data were collected,
ranging from data volunteered by users who had already collected it during their per-
sonal use (e.g., Fithit users) to data from medical intervention studies where patrtici-
pants were asked to wear their tracker during the study period. Second, our datasets
varied widely in terms of duration of the study, ranging from 33 days for a student
dataset to over 300 days for personal trackers. Finally, the populations represented
in our datasets were diverse, ranging from young healthy students to elderly people
involved in medical interventions. The wide variation in these datasets allowed us to
thoroughly analyse and compare methods for dealing with incompleteness.

4Table 1.2 also appear as Table 5.5.
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Table 1.2: The 12 datasets from 9 studies of various lengths and population size. The
rst column is the identi er we use to describe the dataset. Next is the sample size
and average duration in days, the average step count (using only daysQviteps)

and then the recruitment methods. The data source column distingwisleseers
datasets (the rst block), from the remainder, beotger study-generatedatasets.
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Figure 1.4: Comparison of %-age of users with median wear-timé&0 hours>=6
and< 10 hours an& 6 hours. N included in X-axis label. Note: this gure also appears
in Chapter 5 as Figure 5.3

A key contribution of this work was our discussion of the limitations of previous
approaches for analysing and reporting on physical activity tracker data characterised
by wide differences in tracker wearing behaviour.

Our review of the literature revealed that much previous work has been based on
datasets where days or people were excluded if they did not meet a certain threshold
(e.g., at least 10 hours of steps data, at least 5 out of 7 days a week).

Our analysis demonstrated that simply using thresholds to exclude data can lead to
biases, meaning that the results may be more representative of a subset of the sample
who are more likely to wear their trackers (e.g., higher adherence to wearing) but are
not necessarily more or less active. Figure 1.4 illustrates this challenge, showing the
differences across our datasets and the wide variation in the proportions of users who
averaged different levels of wear-time (less than 6 hours per day; between 6 and 9
hours a day; and greater than 10 hours per day). For example, only half of the IT
students gtudents4bn the right) averaged 10 hours of wear time per day compared to
100% of self-motivated Fitbit user¥glunteerlon the left).

These variations can signi cantly impact the results of analyses addressing ques-
tions like those in Table 1.1. Figure 1.5 illustrates this. When we use a very lenient,
and more inclusive threshold (e.g., days with at least one step), this can result in a sig-
ni cantly different median step count compared to a more restrictive threshold (e.g.,
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Figure 1.5: Comparison of median steps across populations, showing impact of differ-
ent valid day thresholds. N included in dataset labels. Note: this gure also appear in
Chapter 5 as Figure 5.5

greater than 10 hours of step data). While this difference is negligible for datasets
with high tracker wearing adherence to wearing trackers (e.g., Volunteerl in the centre
middle where the difference is so small it cannot be seen in the gure), it can result

in important differences for those with lower levels of tracker wearing adherence to

wearing trackers (e.g., Student4 in the top left).

This study provides the rst consolidated analysis demonstrating the limitations of
existing methods for dealing with incompleteness in long-term physical activity data.
Given that activity tracker datasets are likely to vary substantially across dimensions
impacted by factors such as motivation of use, wearing habits and sample, a new ap-
proach is needed if we are to enable people to make sense of this type of data. This
work contributes to the analysis of aggregate data in particular, in order to answer ques-
tions such as those illustrated in the right-hand side of Table 1.1. However, such data
can also be important for individuals, who can make better sense of their own data by
comparing it to aggregate data from similar people.
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De ning adherence: Measures of completeness

Our work led us to recognise that it is important to address gaps in the methodology for
dealing with incompleteness. To do this, we de rmdherence: a measure of com-
pleteness of physical activity tracker datAdherence measures provide a well-de ned

way to characterise completeness in long-term physical activity datasets, analyse this
incomplete data, attribute meaning to the results (e.g., hours of wear per day, percent of
valid days, percent of users excluded). Instead of using data quality criteria to simply
exclude days or data, we proposed the use of adherence measures to analyse the im-
pact of data completeness (ex=5 10 hours vs> 0 steps) and the reporting of analysis
results together with adherence measures to communicate the completeness or level of
uncertainty within the results reported.

In Chapter 5, we present our de nitions of the adherence measures. As part of this
contribution, we provide a set of guidelines, with illustrative examples, for using and
reporting on adherence measures when working with long-term physical activity data.
The guidelines are given at the individual level, for personal health and well-being
applications designed to help users achieve their health and well-being goals, as well
as for aggregate or population level analysis of long-term tracker data.

Dealing with incompleteness in tracking data is relevant in a number of health
research elds including public health and medical intervention studies. Adherence
or compliance with wearing and collecting tracking data can vary signi cantly, and
this can have different implications depending on the research participants, goals and
methodology used. Incompleteness in tracking data is also important to personal in-
formatics research which collects, presents and helps people make sense of such data.
However, the terminology and de nitions used in these elds are not common or stan-
dardised. Chapter 5, Section 5.2 reviews common terms across health research, in-
cluding medical intervention studies and public health, as well as personal informatics
research. This chapter situates our de nitions of adherence in relation to existing prac-
tices with examples. Table 5.2 lists common terms used and provides references to key
literature with examples, while Table 5.3 lists our de nitions.
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1.2.5 Chapter 6: Implications for personal informatics applica-
tions

This chapter provides a set of guidelines, with examples, on how adherence measures
can be incorporated into reports of personal health and well-being applications. First,
we recommend that systems and applications should de ne the adherence measures
they have used (e.g., inclusive criteria such>a@ steps versus whole day criteria of

>= 10 hours of use, calculating daily and hourly adherence). They should report the
adherence measure and its impact in order to provide insights into the wearing pattern
or behaviour of a user or sample and the resulting levels of incompleteness. Then, they
should consider how to expose the resulting uncertainty due to data incompleteness to
the users. We also provide examples of several ways in which do this, and highlight
opportunities to personalise feedback for users.

The discussion presented in Chapter 6 extends work from [Tang et al., 2018]. It
provides further discussion on the challenges of data incompleteness and the risks of
not accounting for it in personal applications designed to help people with their health
and well-being goals. This chapter highlights gaps in existing commercial user inter-
face designs, where these problems are due to a failure to deal with incompleteness, and
illustrates the bene ts of incorporating adherence measures into these designs (with
relevant examples).

1.2.6 Chapter 7: Conclusion and future directions

In this chapter, we conclude with a summary of our contributions, followed by an
exploration of the implications of the work of this thesis, a discussion of how these
ndings t with emerging technology trends, and recommendations for future work
necessary if we are to help people make sense of their own long-term physical activity
data.



Chapter 2
Exposing incompleteness

Preamble

Tang, L. M. and Kay, J. (2016). Daily & hourly adherence : towards understand-
ing activity tracker accuracyCHI '16 Extended Abstracts on Human Factors in
Computing Systems

This paper was published in conference extended abstract on Human Factors in
computing systems as part of the Computer Human Interactions conference extended
abstracts in 2016. It reported on contributions described in section 1.2.1.
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Abstract

We tackle the important problem of the accuracy of activity tracker data. To do this, we
introduce the notions adaily andhourly adherencekey aspects of how consistently
people wear trackers. We hypotheses that these measures provide a valuable means
to address accuracy problems in population level activity tracking data. To test this,
we conducted a semester-long study of 237 University students: 88 Information Tech-
nology, 149 Medical Science. We illustrate how our adherence measures provide new
ways to interpret data and valuable insights that take account of tracker data accuracy.
Finally, we discuss broader roles for daily and hourly adherence measures in activity
tracker data.

2.1 Introduction

Using activity trackers to improve health is promising [Bravata et al., 2007]. However,
to understand patterns of use of trackers, we need to understand the accuracy of the
data. One key contribution to inaccuracy follows from the fact that even the most mo-
tivated user does not wear their tracker all the time over years, months or weeks. To
really understand how active people are, one must account for the fact that inconsistent
wear gives an incomplete picture. To address this, we introduce the notahef-
enceto capture key aspects of the level of wear and show how to use this to give a
more accurate picture.

Daily adherenceis the percentage of users who wore their trackers each day. Fig-
ure 2.1 illustrates this for a population of 237 people over a 2 months period. The
gure shows an overall steady drop and also cyclic patterns. Previous literature has
reported overall drop-out rates, the rate at which pespde wearing their trackers
[Endeavour, 2014, Shih et al., 2015]. However, this body of work ignores the accuracy
of tracking data during periods when people did wear their tracker.

Hourly adherenceis the number of hours users wore their trackers on days they re-
membered to put them on. Itis important to consider this in addition to daily adherence
because it reveals how valid the tracking data is on each day. We took the term adher-
ence from its use in medical intervention research [Tudor-Locke et al., 2015] where
the data from study participants is only used if they use the device the required number
of hours on each of the required number of days. Rather than simply use adherence
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Figure 2.1: Daily adherence (percentage of users with data) over the study period.
N=237

as an exclusion criterion, we now show how to use it to make sense of the data that is
available from the many people who elect to use trackers as part of their normal lives.
This data has the potential to give valuable understanding of populations of users.

While there is a growing body of work on non-medical, general use of
activity trackers [Shih etal., 2015, Harrison etal., 2015, Clawson et al., 2015,
Fritz et al., 2014] we have found no reports of work that considers daily and hourly
adherence to tackle the challenge of data inaccuracy.

We hypothesize that:

Daily and hourly adherence is important for the accurate interpretation of long-
term physical activity tracker data;

To explore the power of these notions, we conducted a semester long study with 237
university students: IT (88) and Medical Science (149). Each was given a Fitbit Zip
device and we analysed the data to determine their daily and hourly adherence.

We are the rst to report on the daily and hourly adherence levels and patterns on
a large group of students. We show how analysis based on daily adherence discloses
interesting similarities and differences between the two student groups. This highlights
the way that daily adherence has the potential to be a signi cant source of inaccuracy
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that can differ across populations. We also show how hourly adherence analysis com-
plements and adds to the picture and needs to be considered as a source of inaccuracy
for simplistic analyses of tracker data.

2.1.1 Background

This section rst explores the nature of accuracy in the context of physical activity
tracking. We then explain the previous use of adherence in such data. Then we show
how these aspects link to the main studies of activity tracker use. The section concludes
with the positioning of our study to address gaps in the literature.

A number of barriers have been reported in the study of activity tracker adop-
tion including motivation [Shih et al., 2015, Fritz et al., 2014, Consolvo et al., 2014],
aesthetics [Shih et al., 2015, Harrison et al., 2015, Clawson et al., 2015], maintenance
efforts [Lazar et al., 2015] and accuracy. Our work concerns the last of these. Re-
ecting its importance, there has been work to understand its forms and impact. We
summarise this in Table 2.2, distinguishing three categories of accuracy challenges.
Our work tackles the third, presentation and comprehension, which refers to prob-
lems due to data being misrepresented or misunderstood. Consolvo used the calo-
rie count presented in many health applications as an example where users are not
aware that this value is really an approximation [Consolvo et al., 2014, p. 230]. More-
over, many applications present graphs and summaries which either ignore or do not
convey missing data [Consolvo et al., 2014, p. 234]. As we have noted, this is a
problem for personal tracker data as it is likely to be incomplete over the long-term
[Shih et al., 2015, Consolvo et al., 2014]. Yang et al.reported that users often incor-
rectly interpreted the inaccuracy in tracking data [Yang et al., 2015]. User daily and
hourly adherence data is therefore very important to understand as it directly impacts
the accuracy and ultimately presentation and comprehension of the data.

As we have already noted, adherence is used in medical literature on pedome-
ter intervention and health research [Buckworth, 2012, Desharnais et al., 1986,
Cadmus-Bertram et al., 2015a]. For example, these work reports using only data
where participants wore the device for at least 10 hours a day; any less than this was
considered too inaccurate to use. This approach is a good approach to accuracy in
measuring intervention outcomes. This is quite different from work on normal use of
trackers.
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Figure 2.2: 3 categories of accuracy challenges reported in recent literature, examples
and references.

More generally, the medical literature includes studies of special user popula-
tions. Notably, Cadmus-Bertram et al. [Cadmus-Bertram et al., 2015a] reported on
a 16-week Fitbit pedometer intervention study with 25 overweight or obese, post-
menopausal women. They showed that the median participant wore their trackers for
at least 10 hours on 95% of days with no signi cant decline over time. We have found
no reports of such hourly adherence for a broader user population.

Studies of activity trackers use have reported what they cdtop-off patterns
which describes show long a user wore their trackers before it is abandoned. For
example, Shih et al. studied 26 undergraduate students over 6 weeks and found that
65% of participants had dropped off after just 2 weeks [Shih et al., 2015]. Moreover,
based on surveys, Endeavour partners reported that more than a third of the owners of
smart wearables have abandoned them after 6 months [Endeavour, 2014]. However,
the focus on drop-off rates ignores the level of adherence during use and the many
ways that people may want to use trackers [Clawson et al., 2015, Harrison et al., 2015,
Lazar et al., 2015].

There are good reasons to expect daily and hourly adherence to differ across time.
For example, a 7-day study of university students [Sisson et al., 2015] reported lower
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levels of physical activity on weekends. Daily adherence analysis is needed to account
for this. Other studies have shown that various factors affect activity levels, including
physical environments [Sisson et al., 2015, Ferreira et al., 2007, Saelens et al., 2012].

In summary, there is a growing body of work to gain understanding of the ways
that people make use of physical activity trackers. In particular, there has been study
of drop-off and of the factors affecting both use and drop-off. But, outside medical
intervention studies, adherence has not been studied. Yet it seems to have an important
role for understanding the ways populations of users actually make use of the devices,
giving a more nuanced view than pure drop-off but also pointing to patterns across the
week and over long periods of time.

2.1.2 Study Design

To explore our hypothesis, that daily and hourly adherence is important to the accuracy
of long-term physical activity tracker data, we designed a study that collected long-
term data for two populations of users. Studying daily and hourly adherence across
these populations gave us the opportunity to see whether these measures disclosed
interesting similarities and differences that impact accuracy. We now describe the
populations and the procedures.

We recruited 237 students from 2 university courses: 88 information technology
(IT) and 149 medical science (MED). We expected that these students would have
different attitudes to activity and tracking. The MED students were second year un-
dergraduates. Their formal studies encourage them to be conscious of health bene ts
of physical activity. The IT students were third year undergraduates in an HCI subject
whose classrooms are at a different part of the university campus. Their studies do
not have a health focus. However, the HCI subject had a theme on physical activity,
treated in a lecture, homework reading [Church and Blair, 2009, Haskell et al., 2007]
and their main assignment was to design a user interface to promote physical activity
and reduce inactivity. These groups allowed us to observe adherence differences from
students in different social and physical environments.

The Fitbit Zip was provided, on loan for the semester, to each student for the dura-
tion of the study. We chose these because they were low cost and had up to 6 months of
battery life avoiding maintenance barriers reported in other work [Lazar et al., 2015].
Per minute steps data was obtained through the Fitbit Rest APl which allowed us to
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Figure 2.3: Mean daily and hourly adherence: weekdays versus weekends.

Figure 2.4: Mean daily and hourly adherence: weekdays in the teaching weeks versus
the mid-semester break.

determine detailed adherence patterns.

2.1.3 Results

In this section, we report our analysis of the adherence patterns and how these give in-
sights about accuracy of the data sets. We rst present and discuss population level
daily adherence patterns and discuss our analysis of distinctive features. We then
present hourly adherence levels and show how they extend the picture emerging from
daily adherence. Finally, we present drop-out patterns, using our data to replicate
[Shih et al., 2015] and highlighting how our adherence measures give important new

insights into accuracy.
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Figure 2.5: Daily adherence (percentage of users with data on a day): IT (blue) vs.
MED (red). Note: mid-semester break (30-Sep to 4-Oct). N=237, IT=88, MED=149.

Daily Adherence

Figure 2.5 presents daily adherence of IT (the lower blue line) versus MED students
(the upper red line) over the study period. The gure shows weekly cycles through the
teaching weeks of the semester. We have labelled semester break; this is atter than
other weeks. Table 2.3 compares means of both adherence measures for weekdays
with weekends over the full study. Table 2.4 does this for weekdays in the teaching
weeks, compared with the mid-semester break.

Figure 2.5 is a striking demonstration of the way that our daily adherence measure
highlights weekly patterns of peaks and troughs. This is remarkably consistent across
both student groups. This pattern led us to compare the overall mean daily adherence
on weekdays and weekends. This is summarised in the upper part of Table 2.3. For
both student groups, there was lower daily adherence on weekends. For IT students
this was 19% on weekends versus 28% (p=0.02) on weekdays. A similar pattern,
albeit at a high level of daily adherence applied for the MED students, who had 39%
on weekends and 48% on weekdays (p=0.03).

Similarly, Figure 2.5's at section at the mid-semester break (the 1 week (30-Sep
to 4-Oct) motivated scrutiny of that week, compared to weekdays in teaching weeks.
This shows that daily adherence levels on weekdays of the mid-semester are rather like
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Figure 2.6: Percentage of days where the median participant had the hourly adherence
levels: less than 5, between 6 and 9 and 10 hours or more.

weekends in the teaching semester. The upper part of Table 2.3 shows that the week-
days in the teaching semester have far higher daily adherence than the break weekdays.
Comparing the daily adherence in Tables 2.3 and 2.4 we found no signi cant differ-
ence between the means for all weekends and the mid-semester break weekdays (IT
19% vs. 16% p 0.05, MED 36% vs. 39%30.05).

These results support our hypothesis for daily adherence and indicate that accuracy
of activity data must take account of the times, such as weekends and also our semester
breaks. These results on daily adherence extend the previous ndings ondctiver
ity levelsover weekends [Behrens and Dinger, 2005] to involve lower daily adherence
levels as well.

Hourly Adherence

Figure 2.7 shows the IT (lower blue) and MED (upper red) student hourly adherence
rates across the study period. This data allowed us to make 2 observations relating to
accuracy.

First, many students failed to reach the threshold (10 hours of wear or more)
considered valid for medical intervention studies [Behrens and Dinger, 2005,
Cadmus-Bertram et al., 2015a]. Table 2.6 reports the percentage of days where the
median participant reached 10 hours or more. MED students only reached this level
on 75% of days and for IT students it is only 35%. Also, while IT students were less
adherent than MED students, they did show some consistency, with 6 hours or more
on 85% of days shown in the table. The population level hourly adherence data in
Figure 2.7 also shows this quite consistent adherence above 6 hours. We note that the
standard deviation levels are high, between 4 and 5 hours, re ecting the large variation
within student groups.

Second, IT students wore their trackers for fewer hours than MED students, with



CHAPTER 2. EXPOSING INCOMPLETENESS 29

Figure 2.7: Hourly adherence (hours of wear per day): IT (Blue) vs. MED (Red).
Note: wide but consistent standard deviation between 4-5hr (not shown). N=237,
IT=88, MED=149

means of 9.5 hours and 11.5 hours per day respectivel®.(01). Table 2.3 shows
that MED students wore their trackers for longer on weekdays than weekends. This
was not the case for IT students who had similar means of 9.4 hours on weekdays and
9.7 hours on weekends. Combining hourly and daily adherence, we see that while daily
adherence is lower on weekends, this was not so for IT students for hourly adherence.
These results support our hypothesis for the importance of hourly adherence in the
accuracy of activity tracker data. Moreover, we cannot adopt criteria used by medical
research. That is not necessary for personal tracking, and adherence measures can still
make population data useful. This makes it feasible to draw on the large amounts of
data from many users whose data can still provide valuable insights on real uses of
activity trackers.

Drop-off Rate

Drop-off rate is a cumulative measure and refers to the percent of users who completely
stopped using their tracker at different times during the study period. We replicated the
drop-off analysis in [Shih et al., 2015], with the results shown in Figure 2.8. Our data

gives lower rates of drop-off over time than was reported for the 26 students studied
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Figure 2.8: Participant drop-out rate of IT (blue) and MED (red) students over the
study period. N=237

in [Shih et al., 2015]. This may be due to a number of factors including intervention
effects, the populations and environment. It points to the need for further studies for
different populations. Studying drop-off rates only indicates when students stopped
wearing their trackers. However, it completely omits the effects we have described
above.

Limitations

Our study covered 51 days, and different effects may emerge in the longer term. While
we had a large population compared to many studies, it is distinctive and can be best
seen as adding to the understanding of tracker data. Also, our Fitbit Zip device has
limitations, such as limited waterproo ng and how it can be worn (i.e., clip on). No-
tably, the Fitbits were on loan only for the study and this is likely to have impacted
results compared with other populations such as those who bought their own devices.

2.1.4 Conclusion & Future Work

We conclude that daily and hourly adherence measures are important. Daily adherence
varied signi cantly at different times such as weekends and the mid-semester break and
this impacts accuracy of the population data. Hourly adherence proved to be a potential
source of inaccuracy as many failed to wear their tracker for extended hours. Our
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results point to a need for further work on the perceived inaccuracy at the individual
level. Combining population and individual level insights has the potential to offer a
clearer picture of adherence patterns relating to a person's own data accuracy. They
can help us better determine how and when to apply interventions and also tailoring
applications to individual patterns. Accounting for adherence also has the potential to
inform design of better interfaces for long-term activity tracker data. Notably, they can
take account of daily and hourly adherence in visualisations of longer term data to help
them appreciate what their data represent.
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1.2.2and 1.2.3.
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Abstract

Increasingly, people are amassing long-term physical activitydata which could play
an important role for re ection. However, it is not clear if and how existing trackers
use their long-term data and incomplete data is a potential challenge. We introduced
the notion ofadherenceo designiStuckWithlt a custom calendar display that inte-
grates and embedkaily adherencgdays with data and days withoutjpurly adher-
ence(hours of wear each day) agoal adherencédays people achieved their activity
goals). Our study of 21 long-term FitBit users (average: 23 months, 17 over 1 year) be-
gan with an interview about their use and knowledge of long-term physical activitydata
followed by a think-aloud use aStuckWithltand a post-interview. Our participants
gained new insights about their wearing patterns and they could then use this to over-
come problems of missing data, to gain insights about their physical activity and goal
achievement. This work makes two main contributions: new understanding of the ways
that long-term trackensave used and understand their dataedesign and evaluation

of iStuckWithltdemonstrating that people can gain new insights through designs that
embed daily, hourly adherence data with goal adherence.

3.1 Introduction

More and more people are adopting devices that can track their physical activity. These
devices include dedicated trackers, such as FitBit, but they also include multi-function
devices such mobile phones and smart watches. Already the rst FitBit users could
have data spanning 7 years. With time, many people will have long-term collections of
physical activity data. The daily data from these devices can help people monitor that
day's activity and this may act as a trigger to do more activity. But long-term data has
the potential to play other important roles. This is because health improvement and
maintenance is a long-term concern. Indeed, any single day's activity is not critical.
Nor any one week. It is long-term activity that matters because good health requires
lifelong physical activity [Haskell et al., 2007].
long-term data has the potential to enable peoplselfre ect on their activity

levels achieved over the long-term, exploring patterns and features to gain insights
into the factors that may have impacted their behaviour [Bandura, 2005b]. This
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can serve as a foundation for goal setting and planning. Previous work has high-
lighted the need for better interfaces to support re ection on physical activity data
[Choe et al., 2014, Lietal., 2011, Consolvo et al., 2014]. Studies have shown that
some people value long-term data [Elsden et al., 2015, Barua et al., 2013], even when
they do not yet have a use for it. Various researchers have studied what people
would like to learn from their data. They want it to enable them to gain awareness
of their actual activity level and how that matches their goals [Epstein et al., 2016a,
Choe et al., 2014, Epsteinetal., 2014, Epsteinetal., 2016b, Consolvo et al., 2014,
Gouveia et al., 2015, Harrison et al., 2015, Lazar et al., 2015, Lietal., 2011], taking
account of context [Li et al., 2011, Choe et al., 2014] and long-term historical trends
and patterns both broadly [Choe et al., 2014, Epstein, 2015, Epstein et al., 2016b,
Lietal., 2012], and more speci cally, such as to see differences between weekends
and weekdays [Behrens and Dinger, 2005, Meyer et al., 2016b, Bentley et al., 2013,
Keating et al., 2015].

One key challenge for interpreting long-term physical activity relatem¢om-
plete data due to lapses in wearing the devices all day, every day. Consolvo et al
described this as “stuff” happens [Consolvo et al., 2014], Epstein et al referred to
this as lapses [Epstein et al., 2016b] and Bentley characterised it as the problem of
sparse data [Bentley et al., 2013]. Missing data compromises the meaningfulness
of the tracking data. People can lose con dence when they are confronted with
gaps and incorrect reports due to gaps [Rapp and Cena, 2016, Bentley et al., 2013].
Indeed failure to account for, or recognise, incomplete data can mean that people
consider the data is too inaccurate to be useful and this has been extensively re-
ported in recent years [Rapp and Cena, 2016, Lazar et al., 2015, Shih et al., 2015,
Fritz et al., 2014, Yang et al., 2015, Harrison et al., 2015, Elsden et al., 2015]. Epstein
et al [Epstein et al., 2016a] reported that 5.9% of their survey respondents abandoned
their tracker due to data quality concerns. This is a problem that needs to be addressed
in designing interfaces that help people get value from their long-term physical
activity data.

To tackle the challenge of incomplete data, we de niecte measures of adher-
enceto underpin the design aStuckWithlf a calendar-based visualization of a per-
son's long-term activity levels. Adherence captures the idea of measuring how well
people actually adhere to their goal level of activity and use their tracker so that it mea-
sures this as accurately as its design perniitaily adherencemeasures how many
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days a person wears their tracker; we count a day as adherent if the user had any ac-
tivity data that day.Hourly adherenceis a measure of how much the user wore the
tracker each day; we calculate this as the number of hours with at least 1 step within
that hour, similar to the calculations done in [Tang and Kay, 2016, Meyer et al., 2016b,
Epstein et al., 2016a]. In public health research, it is common to use data only for days
with at least 10 hours of data [Cadmus-Bertram et al., 2015a, Buckworth, 2012]. In
our terminology, this would be just the days with 10-hour adherence. Daily and hourly
adherence provide a way to describe both wearing behaviour and data completeness.
For example, a person may have one period of wearing their tracker for most of their
waking hours, making it a reliable measure of activity. In another period, where they
only wore it for a few hours a day, they may consider the activity levels unreliable. Our
third adherence measur@pal adherenceis de ned as the level of physical activity
in a day, compared with a target activity level.  This concept has been previously
described with terms such as goal achievement, step performance. Some people will
have their own targets and so will want to judge goal adherence against these. Others
may follow a default such as 10,000 steps per day or public health recommendations
of 30 minutes moderate activity per day [Haskell et al., 2007]. People may alter their
goals over time and want to revisit their data, judging it against a different target. To
our knowledge, this is the rst work to create an interface that makes use of daily and
hourly adherence as a measure of wearing behaviour, linking this to goal adherence.
Our work is the rst to explore how the lens of adherence can underpin the design of
an interface to help people gain insights from their long-term physical activity data,
enabling the user to take account of incomplete data.

This paper reports a study of 21 long-term physical activity FitBit trackers (average
23 months, max 38, 17 greater than 1 year). We interviewed them on their tracking
behaviour and previous use of long-term physical activity data, to learn about their
understanding of their activity levels (average steps) and long-term patterns (weekend
versus weekdays). Notably, even in our sample of long-term trackers, 76% had accu-
mulated long-term physical activity data merely as a by-product of daily tracking, not
for its long-term value. We compared our participants' perceptions of their activity,
from the interview, with their tracker data, which they saw in the subsequent think-
aloud withiStuckWithlt Somewhat surprisingly, the participants with highest daily
and hourly adherence (people who saw very consistent activity values, day after day,
most days) recalled their activity level at a similar accuracy to the participants with
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lowest daily and hourly adherence. On average, participants mean step estimates had
a 20% error (sd: 18%) and half had incorrect understanding of their weekend versus
weekday activity levels. OustuckWithltinterface enabled people to gain new insights
about their physical activity, in terms of their patterns of device wearing and activity
levels, as well as the context of outliers, patterns and changes in behaviour. Our study
demonstrated that people could discover new insights from their long-term physical
activityeven when data was very incomplete. Our work makes two main contributions.
First, our interview study, before our participants s&wuckWithlfis the rstto report
how long-term trackers have made use of their long-term data and their awareness of
their physical activity levels. Second, our think-aloud studySitickWithitdemon-
strated its effectiveness for people to gain insights about their physical activity, based
on a custom calendar chart, showuhgjly, hourlyandgoal adherence

The next section reviews previous work. Then we present the user view and design
of iStuckWithlt followed by the study design, results and discussion. We conclude
with lessons learnt.

3.2 Background

Our goal is to explore how to design a user interface that enables people who have
long-term physical activitydata to harness the potential of that data for self-re ection.
We rst review literature on what people may want to learn from their long-term physi-
cal activitydata. We then consider approaches to present physical activity data broadly
and their bene ts and limitations for the case of long-term data. Finally, we review
existing literature on tracker wearing patterns and implications for designing a user
interface for long-term physical activitydata. Since our focus is on interfaces onto
long-term data, we only include selected aspects of the body of work covering the
challenges with adoption and abandonment [Epstein et al., 2016b, Lazar et al., 2015,
Shih et al., 2015, Clawson et al., 2015, Harrison et al., 2015] and on the uses of short
term data [Fritz et al., 2014, Rooksby et al., 2014, Lietal., 2010, Lazar et al., 2015,
Choe et al., 2014, Epstein, 2015]; the key lesson from this literature is that it is im-
portant that an interface for long-term physical activityis designed for incomplete data,
in terms of both daily and hourly adherence measures.



CHAPTER 3. DESIGNING FOR ADHERENCE 37

3.2.1 What people want to see?

We structure this section in terms of the categories of self-re ection identi ed by Li et

al [Lietal., 2011]. Based on their survey of 91 people and more detailed interviews
with 15 people who tracked a variety of personal information, including physical activ-
ity, they distinguished 6 key classes of questions people asked about their data: status,
discrepancies, history, goals, context and factors.

Status and discrepancies. Status refers to gaining awareness of their current
activity levels. Discrepancies refers to difference between their current status
and their goal. Monitoring status and discrepancies is a common motivation for
tracking identi ed in a number of studies [Epstein et al., 2016a, Choe et al., 2014,
Epstein et al., 2014, Epstein et al., 2016b, Consolvo et al., 2014, Gouveia et al., 2015,
Harrison et al., 2015, Lazar et al., 2015, Lietal., 2011]. While much of that work
concerned the clear value of trackers for short term assessment of status and discrep-
ancies, the long-term form of these is also important for understanding one's activity
levels.

History: long-term trends & patterns. Several studies report that some users
were interested in their historical data, particularly to nd trends and patterns
[Choe et al., 2014, Epstein, 2015, Epstein et al., 2016b, Li et al., 2012]. Particularly
notable is a study of the current tools, conducted by Elsden et al [Elsden et al., 2015],
who invited 15 long-term X 6 months) personal information trackers of various
information to review their own data using their own tools, then describing their
experience in an open ended way. Participants often re ected on changes, making
meaning from data and reminiscence of moments and periods of life. They suggest
that simply helping peoplexperienceor revisit historical data can be a useful feature
for personal informatics tools.

Choe et al [Choe et al., 2014] studied quanti ed-selfers, those who tracked many
kinds of data about themselves and reported on what these users did with their tracker
data. They reported that people wanted to see long-term trend and patterns, correlations
and relationships between data [Choe et al., 2014].

Li et al [Li etal., 2011] studied a short term interface that had a time based pre-
sentation format to present physical activity levels for re ection. A key response from
their participants was that they also wanted to see long-term trends, between months,
seasons and even years. They suggest that further investigation is needed into how
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people experience their physical activity data over time.

Goals. As noted by Lietal [Li et al., 2011], tracker data can help people both track
goals and identify them. For example, data can help an individual establish their base-
line, by re ecting on their previous levels of activity. Then, they can use this to plan for
future goal targets, by assessing if their current activity level is a problem and determin-
ing what actions they should take to x this. The importance of goals is also re ected
in the work of Rooksby et al [Rooksby et al., 2014] who simply refer to goal driven
tracking as a style of tracking where users are motivated by the desire to achieve, or
monitor towards a speci c target. In some cases, goal tracking motivates short term use
of trackers. Lazar et al [Lazar et al., 2015] suggests that in some cases, abandonment
can be considered as short term uses because users may only be interested in tracking
or learning about their activity data within a speci c period of time and not needed
when they have reached their short term goal. Rooksby et al [Rooksby et al., 2014]
referred to this as diagnostic tracking. Epstein et al [Epstein et al., 2016a] studied why
people lapsed (stopped) tracking. In their survey of 141 activity trackers, many partici-
pants reported that they abandoned tracking because they thought that ttegrhad
enough This makes good sense as long as people can be con dent that their activity
levels are stable; however, if they have signi cant life changes or nd a need to become
more active, this may not be true and they may need another such period to establish
a new baseline. They also highlighted problems with data quality as one reason for
abandonment as well as the effort of maintenance. The character of this problem may
change as tracking is supported by devices like watches, phones, as well as dedicated
trackers that are more convenient to wear. Our work aims to tackle the matter of data
quality, especially due to low hourly and daily adherence.

Re ecting on context and factors affecting behavioutLi et al [Li et al., 2011]
refer to context as what other things were happening around the time of their activities
or events. They refer to factors affecting behaviour and outcomes over a long period of
time. Their participants reported that some depended on memory of events to remem-
ber context which they argue is problematic due to the unreliable nature of memory.
They also noted that participants found it dif cult to explore data to identify factors
affecting their behaviour. Li et al [Li et al., 2012] found people were particularly inter-
ested in seeking the context around peak performances. Similar results were reported
in [Huang, 2016]. They suggest more tools are needed to help people explore their
data holistically. Indeed this challenge exists even for many quanti ed-selfers who are
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generally considered more advanced in their tracking and tool use [Choe et al., 2014].

Gouveia et al [Gouveia et al., 2015] studied combining contextual data with physi-
cal activity data. They reported on a 10-month trial of their mobile app, Habitio, which
supports 3 strategies: goal setting, contextualising physical activity with location and
daily commutes and textual feedback. It is notable that, they found that people were
initially interested in contextual feedback (43%) but this dropped to 18% during the
twelfth week of use and overall (38%). They also found that people did not focus on
long-term data which seems related to their observation of the ways people used the
Habitio app; interaction with contextual feedback was very short, and most related to
looking at past day feedback and 71% of participants simply wanted to look at distance
walked.

Summary. The previous work highlights the importance of goals, with long-term
data potentially helping to set a baseline as well as for revised targets. Partially linked
to this, people want to be able to explore long-term trends and patterns and to link these
to memories, events and factors related to activity levels. All this needs operate in the
context of missing data, to enable people to make sense of their long-term data, even
though they may not wear their trackers all day and every day.

3.2.2 Interfaces to present activity data for re ection

There have been many interfaces for short term physical activity data. These
range from the early work like Ubit Garden [Consolvo et al., 2008] and FishN-
Step [Lin et al., 2006] to the many interfaces that are available with trackers and
associated phone apps. There has also been exploration of informative art by Fan
[Fanetal., 2012]. Such short term data interfaces design goals need to support
awareness and motivation, rather than long-term self-re ection that is our focus. We
now review work that informed our design.

There has been important work to identibarriers people have experienced in
using existing interfaces to self-re ect. The 2010 work by Li et al [Li et al., 2010] sur-
veyed 68 and interviewed 11 participants to identify several barriers including lack
of time, the visualization, perceived criticism, dif culties of interpretation, search,
lack of context, sparse and missing data and data that was not useful. In 2014, Choe
et al [Choe et al., 2014], studied problems experienced by quanti ed-selfers. These
dedicated trackers most often used a spreadsheet and custom built systems (79%).
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Q-selfers reported dif culties in combining data sources and exploring their data for
self-re ection. Li et al [Li et al., 2011], in a study of ubicomp technology support for

re ection, reported that existing trackers experienced problems in understanding their
history, seeing trends and patterns because some lacked long-term data and for oth-
ers their existing interface made it dif cult for them to explore their long-term data.
Rapp et al [Rapp and Cena, 2016], in a study of inexperienced personal informatics
trackers, found challenges in managing, visualizing, and using their data. They found
that the lack of suggestions on using data and the excess of abstract visualization in
the apps prevented users from gaining useful insights. These barriers remain for har-
nessing long-term physical activitydata and we now turn to work towards interfaces to
overcome them.

Epstein et al [Epstein et al., 2014] explorearious ways to present activity data
which they call visual cuts. For example, visual cut 1 is a histogram of humber of
steps walked each day with a focus on past success. As a foundation for the designs,
they surveyed 113 trackers to learn the factors these people believed affected their
physical activity. This resulted in 11 diverse factors, the most common being work
schedule and weather. They then conducted a month-long trial with 14 participants,
nding that different people valued different cuts. Epstein et al [Epstein et al., 2016b]
surveyed 141 people to study their interface preferences. They identi ed 3 groups of
use: short-termg6 months), intermittent (3 or more use periods, separated by 30 days
of non-use) and long and consistent us®& (months with any step data) People with
the rst two patterns preferred cuts aggregated by hour or day, while the third (long
and consistent use) preferred cuts which highlighted their long use. Both these studies
indicate the potential bene ts of personalisation or customization of interfaces based
on visual cuts.

One important and elegant approach is Huang's exploration of incorporating phys-
ical activity data into gersonal calendafHuang, 2016]. This means that the user
can readily draw upon context information in the calendar, both in terms of the events
and temporal ow. Users can see activity data within a familiar interface that is part of
their normal life and also gain exibility in data granularity, by switching time scale
(day, week, month). She conducted a 9-week eld trial with 21 people who had up to
2.5 years of data. While they used the interface just with data for those 9 weeks, the
study demonstrated the promise of this approach. This is important for our work as it
demonstrates bene ts of a calendar interface to address some of the context barriers
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for re ection.

3.2.3 Adherence & wearing behaviour

We now consider work that informs our understanding of missing data, which we call
hourly and daily adherenceThese measure the wearing behaviour of users and can
be used to describe wearing patterns. The term adherence is used in medical litera-
ture where it refers broadly to how well people follow a recommended regime, such as
taking prescribed medications or doing prescribed activity (e.g., 30 very active min-
utes 3 times per week [Haskell et al., 2007]). For example, Cadmus-Bertram et al
[Cadmus-Bertram et al., 2015a] reported on a 16-week Fitbit pedometer intervention
study with 25 over-weight or obese, post-menopausal women. They showed that the
median participant wore her tracker for at least 10 hours on 95% of days with no sig-
ni cant decline over time. We have found no reports of such hourly adherence for

a broader user population. In the context of public health research about physical
activity, [Tudor-Locke et al., 2015] data is used only if participants wore the device
the required number of hours (typically 10 hours per day) on each of the required
number of days (typically including weekdays and weekends because there are im-
portant differences between these). We used adherence to interpret population level
activity data, over 1 semester, for 237 university students, where adherence facilitated
comparisons of two cohorts of students, one from IT and the other Medical Science
[Tang and Kay, 2016]. That work also pointed to the potential value of going beyond
population level adherence measures to personal use. In another valuable exploration
of daily and hourly adherence at the population level, Meyer et al [Meyer et al., 2016b]
studied 34 patients recovering from myocardial infraction, as they used trackers for up
to a year. Meyer et al described wearing patterns or daily adherence in terms of dura-
tion, density / continuity, streaks and breaks. Using these, they report two key wearing
patterns: all patients used trackers on some, but not all days per week; this use pat-
tern was consistent throughout the trial, with no drops in wearing. They also reported
hourly adherence (which they call the intra-day wearing pattern) as follows: 88% of
days had at least 6 hours or more and 77% had at least 1 step during each of the pe-
riods, morning, noon, afternoon and evening. These daily adherence measures are
higher and more consistent than our population study [Tang and Kay, 2016]. Both of
these and the work on lapses, such as [Epstein et al., 2016b] point to the variability to
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be expected in individual's wearing behaviour. Notably, the focus of this work was
designing visualizations that may encourage people to begin wearing devices after a
lapse. This is quite different from our goal to support re ection on long-term physical
activity, taking account of incomplete data.

Self-re ection about long-term goal adherence is important for self-regulation in
planning and self-monitoring [Bandura, 2005b]. While they did not use the term goal
adherence, Epstein et al [Epstein et al., 2016b] displayed goal adherence information
as the number of days users achieved different activity levels. We can readily describe
previous user interface designs in terms of goal adherence and the diverse ways to
present it: aggregated (e.g., average over a period); in terms of a goal-target threshold
(e.g., superimpose a threshold line over a steps chart over time); an abstracted form
(e.g., ambient displays [Lin et al., 2006, Consolvo et al., 2008]); and as a text summary
[Consolvo et al., 2014, Bentley et al., 2013].

Summary

There is a considerable body of work identifying what people believe will support
their re ection on long-term physical activity. One key gap in the literature is a study
of what long-term trackers understand about their wearing behaviour and levels of
physical activity. Our work aims to address the gap by interviewing people who have
long-term physical activitydata so that we can learn about their knowledge of their
daily, hourly and goal adherence. The literature is beginning to build a richer picture
of interface elements for self-re ection on long-term physical activitydata, and of the
challenges, particularly in terms of missing data. But it clearly points to the need for
new interfaces that can help people harness that data, to nd new insights from it.
We have used the terms hourly, daily and goal adherence in reviewing the literature
above. In the previous work, various terms were used to describe aspects of wearing
behaviour, such as lapses duration, density / continuity, streaks and breaks. Similarly,
the notion of goal adherence has been variously described, for example, in terms of
identifying and tracking goals, goal achievement or performance. Our three adherence
measures provide a new way to take account of wearing behaviour when interpreting
long-term physical activitydata. We now describe the design oi®tuckWithliwhich
was based on these adherence measures.
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3.3 iStuckWithlt Design

We builtiStuckWithltguided by the following design goals:

DG1 Provide an overview of goal adherence, in terms of steps and active minutes per
day.

DG2 Provide an overview of daily adherence.

DG3 Provide an overview of hourly adherence.

DG4 Present data to support re ection on long-term trends, events & their temporal
context.

We now describe the user view idtuckWithltand explain the design rationale. In
terms of what people want to see, daily goal adherence and its temporal patterns are
the most important (DG1). However, as research points to the importance of missing
data in terms of daily adherence we wanted to also make this very clear (DG2). Hourly
adherence is important for assessing the accuracy of the data and we wanted users to be
able to see this as they explored and re ected on their data (DG3). Together these need
to support DG4. We now describe the designStuickWithltin terms of the design
goals.

Figure 3.1 shows the interface as used in the main study of this paper. (Earlier
versions were iteratively re ned, with small-scale think-aloud [Nielsen, 1994].) The
gure is based on data for a hypothetical user, Alex, who wore a FitBit in 2013 and
2014 and had a goal of 10k steps per day.

At the top left, the blue menu button (A) h&sepsselected. When clicked, a pop-
up menu enables users select from a list of datasets to view. These are daily steps,
lightly, fairly and very active minutes, loaded from user's Fitbit account.

The most visible feature of the interface is th&ly and goal adherenceisuali-
sation (DG1 and 2). This is a custom design that embeds the calendar chart element
from Google charts and use coloured cells that represent each day to display daily and
goal adherence. A calendar chart metaphor allows us to embed adherence measures in
the context of a calendar format. Importantly, the calendar format was chosen because
it should help people recall relevant contexts and factors that were temporal. Figure
3.1 (B) marks this for early 2014. The colour intensity of each cell shows goal adher-
ence for that day, described at (F). Alex has a goal target of 10,000 ss&yskWithlt

Ihttps://developers.google.com/chart/interactive/docs/gallery/calendar
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indicates where Alex met the target goal in bright blue. Not meeting it, but achieving
50% of it, is light blue. White indicates Alex had data but his activity level was less
that 50% of the target. Grey cells indicate no data. We chose these three levels to make
it easier to see differences at a glance. We wanted to clearly show goal adherence days
and to be encouraging about the lower level of goal adherence shown in the light blue.

The interface makes it easy to see that Alex had higher goal-adherence in 2014
compared to 2013. He did relatively well in early 2014 (where there are more dark
blue cells). We also readily see goal adherence by day, week and longer blocks. For
example, in the last week of January, 2014, Alex met his goal on 3 days, with one day
at half the target. The daily adherence for that week shows 3 days with no data.

For daily adherence (DG2), we focus on the grey cells. These indicate days the
user was not wearing their Fitbit. We designed the interface so the user could readily
see both daily wearing adherence and goal adherence so that they could consider their
goal adherence, taking account of daily adherence levels and patterns, such as streaks
of consistent wear, long breaks, and the various patterns of intermittent days of wear.
The calendar shows that Alex started tracking in March 2013 (bottom calendar year),
stopping in December 2014 (top) and he had three clear breaks from tracking including
3 monthsin 2014, shown at (C). Looking across the top and bottom rows for each week,
we can see that he had low daily adherence on weekends (grey cells) and even when
he did wear the tracker, his step count was below 50% of this goal (white cells).

Under the calendar, the weekly bar chart shows hourly adherence (DG3), as the
week's average hours of wear per day (D) in Figure 3.1. This includes data only for
those days where there is any data.

The legend at (F) explains the colour coding and the user can click the pen sym-
bol to alter these. For example, a user can alter the goal to 8k steps, and make light
blue show days with at least 80% goal adherence. Figure 3.1 (E) showsolbip
where Alex hovers his mouse cursor ovet"26f November 2013 to see he recorded
6,154 steps from 11 hours of wear. This aspect of the design provides overview and
details-on-demand as recommended for visualization [Shneiderman, 1986ty
is also available when hovering over the weekly average bar graph and shows the
hourly adherence values. Making this information only available on tool-tips was a
design choice. It follows from our prioritising the overview of goal and step adherence
(DG1 and 2) with details of hourly adherence and actual data for each day part of the
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Figure 3.1: iStuckWithlitfor hypothetical user Alex for 2013 to 2014. This screen-
shot shows his long-term steps data against a step goal (A) of 10,000 steps / day (F).
(A) Button selects type of data (step count is selected). (B) Calendar heat-map, with
colour intensity showing daily goal adherence: dark bkie {0k steps), light blue
(5-10K stops), white€ 5K steps, grey for no data). (C) Period with no data. note:
the combination of missing data (grey cells) and goal adherence (3 colours) conveys
daily adherence (or when they wore their tracker). (D) Hourly adherence is shown by
the weekly bar graph(average hours / day wearing tracker). (E) Mouse-over Tool-tip
for detail of a day (i.e., 6154 steps on Nov2B013). (F) Coding key and settings to
change goal target. (G) Toggle to switch view which is shown in Figure 3.2. Notable
features: low goal adherence on weekends; stopped wearing tracker for three multi-
months blocks. 2014 has higher daily and goal adherence than 2013.
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Figure 3.2:Gradientview of step count (i.e., using colour gradient to denote values
from O to max step count of 14,868 (upper right chart - colour range legend). This
view is activated by the toggle shown in Figure 3.1 (G).

user of their data as they re ect on features that are important to them. So, for exam-
ple, if Alex is interested in the last week of January 2014 when he restarted wearing
his tracker, he can see the hourly adherence is high and the tooltip will reveal that he
averaged 15 hours of wear on days with any data.

We now show how the interface design supports exible exploration of various
goal adherence levels. We do this in terms of goals expressed in terms of very active
minutes, an alternative to step counts. Figure 3.3 shows a pair of screen shots. On the
left, it shows Alex has a goal of 45 minutes of active minutes per day. The settings (A)
in the left one makes it easier to focus on full goal adherence (i.e., 45 minutes target,
99% threshold). The right one shows the same user data, now, showing how much light
blue appears for 50% goal adherence - see (b) inthe gure. These goal settings provide
an interactive capability for users to explore their goal adherence with different targets
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Figure 3.3: Shows very active minutes of Alex with 2 goal target settings (A) and (B).
Settings (A) shows how to show only days when users achieved their goal (i.e., 99% of
45 minutes). Settings (B) shows adjusting light blue cell threshold from 99% to 50%
of 45 very active minutes goal (i.e., light blue cell for days where very active minutes
is between 22.5 and 45 minutes).

and thresholds.

We call the viewing mode shown in Figure 3.1 theal Itering view. This was
designed to show goal adherence and was intended for users who have a goal such
as Alex's 10,000 steps. We also created an exploratory mode, which wegradlt
ent view. Previous studies suggested that user interfaces and visualisations should
offer the ability to explore personal data not just against speci c goals or targets
[Epstein et al., 2014, Lietal., 2011]. Clicking on the red toggle in Figure 3.1 (G)
shows how users can switch views and a gradient view example is shown in Figure
3.2. This mode transforms cell colours to a gradient determined by activity value be-
tween 0 to the global maximum. In Figure 3.2 we can see that Alex's peak step count
was 14,868 steps and now the darkest blue cells are close to this while white means
step counts close to O steps.

Overall, the choice of a calendar format takes advantage of people's existing mental
map of calendars. It should also facilitate recollection of relevant events and their
context (DG4). For example, in Figure 3.1, Alex had multiple long period lapses
during 2013 and 2014. He may be able to recall the circumstances of gaps and re ect
on them (e.g., he may have been lost his tracker in July 2013 and only bought a new one
in October 2013). Similarly, a user may recognise a period of training for a marathon,
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a holiday with lots of walking, a change in job that meant he no longer walked to work.
Our interface is similar to Huang [Huang, 2016] in its use of a calendar. An important
difference is that we do not embed the activity data into a normal calendar. Rather
we have carefully designed a calendar chart visualisation to show long-term data to
support re ection. It may be useful to link these approaches so the daily visibility of
activity data could trigger a user to move to the long-term re ection interface.

The calendar chart and weekly bar graph design choices were guided by the follow-
ing rationale. First, we chose the calendar chart view because it is an ef cient overview
+ detail on demand visualization that shows many months and years of data together
but still is able to show individual days. A calendar format also enables users to see
long-term patterns between months, seasons and years. We chose to present hourly
adherence in the weekly bar graph. However, our research goal was to examine how
users interpret and make use of the weekly hourly adherence patterns in their long-term
data.

3.4 Experimental Design

We set out to study how user interface designs that incorporate adherence measures
can help people harness their long-term physical activitydata for self-re ection. We
designed a study to evaluate the insights people could gain from having a view of
their own long-term physical activitydata while using i&&uckWithltapplication. To
do this, we rst needed to understand how they currently use their long-term data,
what they already believed; this also contributes to understanding of what people know
about their tracking and physical activity. We then observed their usgtwékWithlt
and report on their insights, experience and design implications.

Our study aimed to answer the following questions:

RQ1 How do people currently use their long-term physical activity data and how does
this relate to their actual daily, hourly and goal adherence?

RQ2 What insights can people gain from our interface which shows daily, hourly and
goal adherence over the long-term?

We recruited 21 Fitbit users with at least 6 months of data, using social media,
internet forums and University mailing lists. Recruitment information outlined the
nature of the study, duration of 30-60 minutes and that those completing it be in a
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draw for a $50 vouchéer. The research prototyd&tuckWithltis a web application
which allow users to sign-up to our study and ask them to provide FitBit credentials via
OAuth2 protocol which enables our application to download their Fitbit data through
the Fitbit Rest Apf. The study sign-up and interview steps are detailed below.

Step 1: Background questionnaire and set up.

In this phase, participants registered online and completed a consent form as part of
the sign-up process faBtuckWithlt They answered a questionnaire on demograph-
ics, current physical activity, exercise stage of change and self ef cacy towards ex-
ercise [Marcus et al., 1992]. These were to support analysis of the participant's self-
knowledge and adherence measures (RQ1). The sign-up process then asks them
to link their Fitbit account to our web applicatiaStuckWithltwhich then initiates

the download of Fitbit 1-minute data which can take several hours depending on the
amount of data. On completing this phase, those who had been tracking for at least 6
months, were invited for the next steps.

Step 2: Pre-interview.

This was conducted in person or via teleconference, according to participants' location
and preference. This pre-interview contributed to RQ1, and was also used to compare
participant beliefs about their adherence, activity levels with actual data. It also help us
compare previous beliefs with insights from their feedback during the think-aloud and
post-interview. We asked about current wearing behaviour, including daily and hourly
adherence, whether they believed their wearing and activity patterns differed on week-
ends and current use of the Fitbit mobile app, website and weekly email report. We
also asked them to elaborate on their physical activity and health goals, how important
they considered tracking and why they track.

Step 3: Think-aloud session.

In this stage, we asked participants to think-aloud as they isadkWithltto explore
their own Fitbit. We observed and recorded their comments towards RQ2.

2This study was approved by the University of Sydney Ethics Committee, ID-2013/811.
3dev. thit.com - Note: a special developer authentication token is required to access the 1-minute
Fitbit data.
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Step 4: Final Post-interview.

This interview asked participants to comment on what they had previously learned
from viewing their long-term physical activitydata. We also asked for free comments
about the interface, its usability, preferences for viewing mode, understanding of daily,
hourly, goal adherence, an assessment of its usefulness and what they liked most and
disliked.

Analysis.

To analyse qualitative data, from think-aloud comments and interview responses, we
used inductive thematic analysis to identify emerging themes [Dennison et al., 2013].
In all cases where we report statistical signi cance; p05.

Limitations

Our study was restricted to FitBit users. As FitBits had been widely available for
many years, this allowed us to recruit many existing trackers with long-term data. It
may well limit generalisation to other devices. Our data does not distinguish between
inactivity and non-wear. We treat any days with O steps as non-wear and calculate
hourly adherence by including any hour that has any steps. This threshold for daily
adherence was chosen after analysis of the data indicating that it had similar results to
other low thresholds, such as 500 steps. Our approach was also mentioned in previous
studies with such devices [Meyer et al., 2016b, Epstein et al., 2016b].

3.5 Results

In this section, we rst present pro les of the participants. The next three subsections
present analyses related to RQ1, based on the pre-interview and the actual data to reveal
their perceived wearing and physical activity behaviour. Then we present results for
RQ2, the insights participants gained during the think-aloud us8tatkWithltand
participants' response to the interface. We then report the picture that emerges from
their data, for daily, hourly and goal adherence, and how this links to the pro les

4http://www.wareable.com/ thit/ tness-tracker-sales-2015- thit-1169
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described above. Finally, we report the key insights people gained from using the
iStuckWithltapplication.

3.5.1 Participants

Table 3.1 shows the pro les for our 21 participants, ordered in increasing time since
they started tracking (Col. 2). Our sample size and distribution is comparable to
similar other qualitative studies of long-term trackers, such as [Fritz et al., 2014]
(24 participants> 6 months), [Elsden et al., 2015] (15 participart$ months) and
[Huang, 2016] (7 participants 6 months). Seventeen (81%) of our participants had
more than 1 year of use with a median of 23 months and maximum of 38 months.

Col. 3 shows the exercise stage of change, ranging from the lightest green for the
2 participants at the contemplation (C) stage, 5 each for preparation (P) and action (A)
to the darkest green for the 9 in maintenance (M). Itis hardly surprising that long-term
trackers have so many people in maintenance phase although these people are spread
through the range of tracking duration.

Col. 4 shows that there are 7 women, 33% of the participants. The age groups, in
Col. 5, are distributed fairly evenly across each 10-year range fron685slightly
more in 25 34 and slightly less for 1824. While we have more men than women,
the age demographic is in line with a survey of 5000 US consumers on tness tracker
us€. Col. 6 shows a predomination of IT, research, students and academics, although
6 are from broader occupations and this is a highly educated group (Col. 7).

The second last column, Col. 8, shows the score participants gave to the importance
of tracking on a Likert scale of 1 to 7. As one might expect, this is biased towards the
high end, with 12 of 21 having scores of 6/7. However, 3 had scores below 5 (P17 - 3,
P6 - 4 and P8 - 4) even though they had tracked from 7 to 29 months.

The last column, Col. 9, indicates why people tracked. This is based in analysis of
their responses to an open question during the pre-interview stbiger and why do
you track your physical activity? We analysed the free responses and found they fell
into two categories which we coded as Goal or Benchmark. The 13 (62%) who gave
reasons related to gaining awareness are shown as Benchmark. The other 8, marked
Goal, stated they had a goal against which they tracked. Both Benchmark and Goal

Shttps://www.npd.com/wps/portal/npd/us/news/press-releases/2015/the-demographic-divide-
tness-trackers-and-smartwatches-attracting-very-different-segments-of-the-market-according-to-the-
npd-group/
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Table 3.1: Participant pro les, ordered in increasing length of tracking (Col. 2). Col.
1: participant ID. Col. 2: months since rst tracker use. Col. 3: the exercise stage of
change. Col. 4 to Col. 7: gender, age, occupation and education level. Col. 8: score
for importance of tracking from 1 (low) to 7 (high). Col. 9: core reasons for tracking,
either to gain awareness (Benchmark) or self-monitor against an activity target (Goal).
Col. 10: Fitbit devices worn by participants, including past use. N=21.
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purposes are in line with the nature of the feedback available from FitBit, particularly
the daily progress and weekly mail summary. But it is notable that so many long-term
trackers were Benchmarking.

Overall, we recruited a diverse sample of long-term trackers in terms of duration
of use, stage of change, age and gender as well as the classi cation for the reason for
tracking, but a highly educated group that tended to highly value tracking.

3.5.2 How our participants had previously used their activity
tracker data

Table 3.2 summarises the pre-interview results on goal targets, importance of tracking
and data use behaviours. The table is ordered by tracking duration. We now discuss
these.

The default 10,000 steps was dominant.

When we asked an open question about the goals for tracking, 11 participants (52%)
stated this was the default 10,000 steps goal. Six had a different step goal and 4 stated
that they did not have a step target as their health goal (P3, P7, P12, P6). Out of these,
3 still used 10,000 steps target as a way to benchmark against their actual steps (P7,
P12, P6). Three had targets that were based on their knowledge of their actual steps:
P3 at 5,500; P9 at 7,500 and P21 at 6,000.

Our participants tracked multiple health data.

In addition to tracking steps, 8 participants (38%) reported tracking weight and / or
calories. Losing weight was an important health goal for them and a key reason for
tracking health related data. Six participants (29%) reported tracking active minutes, 6
reported tracking heart rate and 6 tracked sleep. Three participants (14%) tracked ad-
ditional data. P2 tracked cycling and swimming. P20 tracked mood, temperature, food
and other exercises. P18 tracked distance, temperature, weekdays versus weekends,
time of day of activity.
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Table 3.2: Summary of pre-interview on goal targets, other health related data tracked,
data use. Columns are ordered by Row 1, duration of tracking. Top row: participant
ID. Row 1: tracking duration in months. Row 2: step goal (grey = participant stated
goal not important for them). Row 3: importance of tracking (Likert scale 1-7), Row
4 to Row 9: other data tracked. Row 10: how often checked data, Row 11 to Row 14:
duration of the data checked, Row 15: downloaded data for additional analysis. Far
right column: %-age of participants with a value for each row. N=21.
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Table 3.3: This table summarises all adherence data, self-estimates and their match
to actual data, and preferences for goal/ gradient views. Participants (rows) are sorted
by daily adherence percentage (Column 2). Column 0: participant ID. Column 1:
duration of activity tracker use. Column 2: daily adherence (% of days where users
tracked data). Column 3 to Column 5: hourly adherence (% of days x#th10
hours), median hours per day and its standard deviation. Column 6: weekly adherence
(average number of days per week with data). Column 7: self ef cacy score (0-110).
Cols 8 and 9 show goal aspects: participant's target, actual adherence to that target.
Column 10: error of self estimates (i.e., self-estimated daily stepstual median, as

a percentage of actual). (-) means no estimate given. Column 11: shows whether the
error in Column 10 was over or under. (blank for no estimate was provided). Column
12: self estimates if more active on weekdays (+), or weekends (-), same (SM) or no
estimate given (*). Column 13: actual difference between weekdays and weekends (as
% of weekdays). Column 14: preference for goal view (G), gradient (N), both (B) or
no preference (N). Summary statistics (mean, median, std, min and max) in the bottom
5 rows. Note: For P21 1-minute data was not available, only daily steps. N=21.
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Very few made use of their long-term physical activitydata.

Our participants rated tracking as important (mean 6, on a 7-point scale) shown in
(Row 3 of Table 3.2). This is likely attributed to short term self-monitoring, the dom-
inant data available for FitBit. Just 6 participants (29%) reported viewing data that is
longer than a month (Row 14). Notably, 1 of the 6 only looked at their yearly step
count because they had joined a group which had a 5 million steps per year challenge.
Sixteen participants (76%) did not use their activity data for analysis of trends or pat-
terns. While participants had long-term health goals and tracked over the long-term,
most have not made use of their long-term physical activitydata.

Only 6 participants (29%) (P2, P20, P12, P10, P18 and P3) reported that they
looked at their long-term data. P3 downloaded her data as part of her studies and looked
at long-term patterns and trends using a custom application she had built. P12 looked
at his monthly data and how he did during summer versus winter, using a spreadsheet.
P2 used his data to set step goals. He is the only participant who regularly (monthly)
reviews his data in a spreadsheet and actively sets goals based on that analysis. He also
monitors his steps between different days of the week to decide when to do more or
less. He uses a spreadsheet to do this. P20 checks his steps summaries regularly and
sets a goal higher than his average. He also cross references other data (e.g., food, sleep
and mood) with his activity data using a third party tbad nd correlations. P18 had
a history of heart conditions and maintains a spreadsheet of when he walked, how far
he walked, what time of day he started, the temperature when he started, average and
max heart rate during the time he was walking. He uses excel to do this. He checks
his yearly step count for the purposes of tracking against his yearly goal of doing 2016
miles in 2016. P21 had just started to download his activity data at the time of the
interview and yet to analyse it.

Use of social engagement.

Almost half of our long-term physical activityparticipants (48%) regularly used so-
cial features, such as competing with friends, or participating in online communities.
Two participants (P18, P10) were in the 5 million steps challenge and they contribute
their activity data to their community. Previous work highlights the bene ts of social
support and interaction for engaging users over the long-term [Fritz et al., 2014]. This

5makesenseofdata.com
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paints a pro le of the diversity of our participants on this dimension.

Summary.

This sections summarised the participant pro les emerging from the interviews. Most
participants tracked a variety of data. Fourteen (67%) used the default goal targets,
although 3 considered these unimportant. Most consider tracking as important, but
this is primarily for short-term self-monitoring. Over three quarters had not used their
accumulated long-term physical activitydata.

3.5.3 Daily and hourly adherence - wearing patterns

We now present the wearing patterns, as summarised in Table 3.3. This table is or-
dered by daily adherence (Column 2), with the most adherent users rst. It shows
several wearing adherence measures. Because, self-ef cacy about activity may be
important, we show it here. Then we present results of goals, participant targets, ad-
herence, accuracy in estimating this and estimates and accuracy about differences in
activity over weekends and weekdays. In our analysis, shown in this table, we intro-
duced additional descriptors of adherence, as shown in the column labels. We express
daily adherence (days with data) as a percentage of total duration of use (Column 2).
Hourly adherence is expressed with 2 calculations: a percentage of days with 10 hours
(Column 3) and as median hours of wear (Column 4). The 10 hours percentage was
included as it is used in medical science literature as a measure of completeness.

Participants have high daily adherence in weeks with any data, but have diverse
patterns of breaks.

Table 3.3 shows the daily adherence %-ages, indicating the proportion of days the
person had any data. This ranges from 15% to 100% (mean 68% and std 30%). Low
daily adherence indicates many had large breaks. We calculated weekly adherence, the
average number of days with data in each week (only using weeks with at least 1 day
of data). Our participants had very high average weekly adherence, 7 days per week
(std: 1 day) shown in Column 6 of Table 3.3. Of the 21 participants, all had average
scores of 7, except 3 (14%) who averaged 6 and 2 (10%) who averaged 5 days per
week. This means that in the weeks where they tracked at all, most participants tended
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to track every day.

To explore breaking behaviour further, we calculated the number and duration of
breaks (i.e., no data for 2 days or more). Our participants were diverse on these mea-
sures (mean: 18 breaks, std: 25 breaks, max: 105 breaks). The average duration of
breaks also varied (mean: 18 days, std: 25 days, max: 98 days). In contrast to the my-
ocardial infarction patient population studied in [Meyer et al., 2016b], our participants
tend to break less often but have longer and more irregular break duration (average
standard deviation: 45 days).

There were three daily adherence patterns: fully adherent, breaks regularly and
breaks in blocks.

We identi ed three main groups of participant's daily adherence: (a) fully adherent,
(b) breaks occur at regular intervals, (c) breaks occur in blocks at irregular intervals.
The pattern (a) is clear for the 4 participants with 100% adherence; they have 0 breaks.
For others, there was a mix of patterns (b) and (c).

We analysed the data for blocks of continuous data and breaks (Meyer et al
[Meyer et al., 2016b] referred to these as breaks and streaks). For example, P8 had
a daily adherence of 91% and averaged 7 days per week. He averaged 1.8 breaks
per month (3 days per break, std: 2 days) but he had blocks of continuous use that
averaged 31 days (std: 27). We characterise his data as being consistent overall with
weekly or monthly breaks of a few days. P3 and P13 were similar but with more
frequent breaks. They had lower daily adherence overall (62%, 41%) and weekly
adherence of 6 and 5 days per week. We can characterise these 2 participant's data as
having weekly patterns where they go for few days a week of wear but breaks for 1 to
2 day a week.

By contrast, some participants tended to track in blocks of time with large breaks in
between. For example, P1 only recorded data on 31% of days. However, he averaged
7 days per week on weeks when he did record data, had very few breaks (average less
than 1 per month) but large and varied break duration (mean: 47, std: 131).

Hourly adherence patterns.

Of our 6 participants with 100% daily adherence, all but P18 had at least 10 hours of
data for most days (9499%) and P18 had 10-hours of wear on 81% of days. These
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people have high hourly and daily adherence; so they are not prone to the same missing
data problems reported in the literature. We studied the break and continuous data
patterns for these participants. We found the following: (1) higher hourly adherence
(%) was linked to longer periods of continuous and lower number of break3.(),

(2) higher hourly adherence is not linked to duration of breaks. The continuous wear
and fewer breaks suggests that participants who are more consistent in wearing their
tracker for 10 hours each day are more likely to maintain continuous daily adherence.
The second item suggest that when these participants did take breaks, the duration can
vary.

Trackers and wearing behaviour.

Col. 10 in Table 3.1 shows the various trackers our participants used over time.
We found examples where users re ected on how the tracking device affected their
wearing behaviour. For example, P15, who had 32% daily adherence rate, re ected on
a large gap in her data in 2013Mow, | didn't wear a FitBit for ages. | was wearing it
more in 2013, This would have been Zip FitBit that didn't need charging. So | think that
was the difference in wearing behavidui his is particularly interesting because over
the long-term, it is conceivable that long-term trackers would transition from device to
device where different capabilities and user experiences can result in different wearing
patterns. It is then important to have an interface that can make it easy to merge such
data.

3.5.4 Goal adherence - activity patterns

We now consider goal adherence and participant's awareness of their activity levels.

Goal adherence patterns.

Column 9 of Table 3.3 shows the goal adherence percentage summary (percent
of days a participant achieved their step goals). Averaging across all participants, they
achieved their step goals 48% of days. In addition to goal adherence, we also calculated
the goal adherence on days where a participant achieved 50% or more of their goal.
For example, if a user had a goal of 10,000 steps a day, any days where he reached
5,000 steps or more, this is considered 50% goal adherent. Our participants averaged



CHAPTER 3. DESIGNING FOR ADHERENCE 60

50% goal adherence on 80% of days (median: 82%, std: 13%).

We hypothesised a link between higher con dence and goal adherence. We per-
formed a 2 sample t-test between top 10 goal adherence participant's self-ef cacy
score versus the bottom 11 participants. We found weak signi cance link between
higher self-ef cacy and higher goal adherence& (pl). Interestingly, signi cance is
strong ( 0.05) if we removed the 4 participants who stated that they did not have a
step goal (P7, P6, P3, P12).

Longer and more adherent use does not appear to improve self-estimates.

During the pre-interview, we asked participants to estimate how many steps they reg-
ularly achievé and also whether they are more active on weekends or weekdays. This
is because the different routines that many people have on weekends versus weekdays,
could impact their activity levels and wearing behaviour. We then compared this with
the actual dat&. Variation in errors in estimates ranged from 3% to 57% shown in
Column 10 (mean: 20%, std: 16%). In the table, higher step counts for weekdays are
green and this dominates. However, to interpret this we need hourly adherence.

To investigate whether adherence is linked to these estimates, we performed a 2-
sample t-test to compare the 10 most daily adherent with the other half, the 11 lower
adherence group for estimates of (1) daily adherence (2) hourly adherence and (3)
duration. We found no link between daily, hourly adherence and better self estimates.
We also found no link when comparing duration with self-estimates.

Column 13 shows large differences between weekdays and weekends and we found
no clear relation between adherence and difference in steps between weekdays and
weekend. In terms of estimating whether weekdays are more or less active than week-
ends, out of the 12 participants who provided an estimate, equal numbers gets it right
(6 participant) and wrong (6 participants).

In summary, we found no evidence to support the notion that higher daily adher-
ence improves awareness of long-term patterns in activity levels and weekend versus
weekdays behaviour.

’Grey cell for P7 who declined to provide a step estimate.
8For estimating error calculation, we used only days with 10 hours to calculate the actual step
count as in medical adherence literature.
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Goal adherence over or under estimates?

We compared lower versus high goal adherence participants (top 10 in goal adher-
ence % versus bottom 11) We found a tendency for lower goal adherence participants
to over estimate their steps compared to higher goal adherence participants with a
weak signi cance (p=0.06). However, we did not nd a signi cant link between goal
estimates (Column 9) and error percentage (Column 10 in Table 3.3).

3.5.5 Discovery & insights from wearing patterns

This section draws the qualitative data about the insightsi8tatkWithltenabled
participants to make. We draw on comments and observations during the think-aloud
use as well as the post-interview.

Discovering wearing behaviour.

Participants uniformly commented on the highly visible daily adherence data. Many
went on to re ect on this and to explore periods of consistent tracking and breaks,
commenting on factors they felt affected their wearing behaviour. For example, P7,
had high daily (96%) and hourly (89%) adherence but still commented on periods
that were low, tn Jan / Feb, | forgot to wear it sometimes, or forgot to charge it, |
think I'm still getting used to wearing it.P4, had lower daily adherence (60%) and
commented on the circumstances for low adherence peribdsrit to join a meeting
up in (location) and celebrate the (event), so when I'm in (location) | mostly shut the
device off: This was especially common for participants with large blocks of breaks.

In the post-interview, P1, when asked whether he learned anything new, answered
“what | learned is the more | wear my tracker, the more steps | have that particu-
lar week, | would rather leave my tracker on rather than taking it off right after |
get homé. His response suggests a motivating effect of having more data, reported
previously in [Consolvo et al., 2014].

Several participants reported surprise on seeing their hourly adherence levels. P2,
who had 99% hourly adherence ratéwas surprised to see the number of hours |
wore the tracket. P14, who had 58% hourly adherence but 13 hours of wear (median)
commented, Fam wearing it longer than | think. Interesting, | wouldn't have noticed
that’. During the think-aloud, P11 commentedt8 hours, really, | didn't realise | was
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wearing it for 18 hours. Longer than | thought.

Discovering consistency or inconsistency.

Participants also re ected on their wearing behaviour in terms of consistency: P17,
who had tracked for 22 months with 44% daily adherence rate, after seeing his data
during think aloud period: this is interesting, | actually thought I didn't wear my
FitBit for a lot longer. | thought I didn't wear it for monttis P19 commented, It
clearly shows here (early 2014) I've been in the habit of wearing pretty consistently,
I've forgotten how consistently I've used it. | really got out of that hdbit.

Making use of missing data.

Where activity tracker data is missing, e.g., due to non wear, participants were still
able to re ect on these days in terms of the reason and the context behind non wear
as well as what these gaps meant to them. Participants re ected on how much or how
little they thought they wore their tracker. P12, with 38% daily adherence rhte: “
noticed that | don't wear it as much as | thought | didP1, with low daily (31%) and
hourly (58%) adherence rates, used gaps as an indicator of activity level. He equated
low adherence with lower stepd,Would say I've decreased in steps recently because
| correlate steps directly with wearing of my tracker

P8, believed he was more active on weekends (Column 12 in Table 3.3) but he
was actually more active on weekdays (29% more - Column 13). During the think-
aloud, he re ected on his weekend adherence and implications for accuracy and correct
interpretation of the data,often weekend days | don't wear it, but if | wear it on
weekends, | often have a high number so I'm very active.

Some participants re ected on large gaps in their data, to reason about how this
re ected their performance. P19 also re ected on a gap in his data and how it affected
him, “looking at 2014, that's when I lost it, at end of July, that's why also there is a gap
would make sense in that case. | think the gap really affected me, | got out of habit.
P6, who had the second lowest hourly adherence rate (42%), commented on her low
hourly adherence,l‘just realised, this year, | got a new (pet), | have to wash it a lot
and | just take it off. | think it shows less activity because | take it off rhore.
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Discovering long-term trends & patterns

When viewing their long-term physical activitydata, our participants often com-
mented that they over or under underestimated their long-term activity levels. For
example, P18, who has 67% goal adherence commeritad) inore active this yeat,
| think because I'm getting stronger and better at it. | started out slowhey also
commented on the negative patterns or discoveries. P4, who has 44% goal adherence,
commented, 'm not more active this year, maybe | should do more exertiSame
commented on learning something new. P18, who is 100% daily adherent, 81% hourly
adherent and regularly reviewed his long-term data still commented on learning some-
thing from his data. During the background interview, he reportedph't have any
speci ¢ hard goals for active minutes, | just make sure I'm up in that range around
120 minutes per day. Upon seeing his long-term physical activitydathséem to be
getting well over 100 minutes per day. That's good, | can live with'that.

Participants also learned about their consistency in their goal adherence over time
especially in cases where the data challenged their previous beliefs. P19, (daily adher-
ence 70%, but goal adherence of 27%) commentaaally just had not realised how
big the shift has been and this really made that clear ... really obvious that I've been
very consistent in rst half of 2014 and really just dropped off, which | really wasn't
aware of’. P8 (daily adherence 91%, hourly adherence 73%) commentetigifi't
think |1 was so consistent, consistency between week to week but also across 3 years of
data | have'

Planning to change goals & strategies.

Ten of our participants (48%) commented on changing goals, making plans or re ect-
ing on strategies for the future. P21, commentédhihk this data, supports my idea
that when | live in a city, | have more opportunity to walk. In the future, this may
in uence my decision on choosing where to live. | want to be more active so | will
probably choose to live in citie's.P20 after discovering that he was actually less ac-
tive on weekends compared to weekdaysyant to make sure | hit more step goal
more on the weekends, walking a little bit mbreé?18 commented,I'm very inter-
ested in achieving more max days. I've achieved that quite recently, I'm planning to
beat that, kind of like competing against yourselR8, had high daily adherence, but
with goal adherence of just 20%, commented on changing his goal tatgpiess
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| should lower it to something more realistic to achieve than the 10K steps per day.
Maybe if | change to 8K

Re ecting on time & context

Most participants re ected on their performance in relation to time (dates, days of
week, months and years) as well as context. P8 upon noticing a period of unusually
high activity levels during June of 2014, he recalled that he had lent his tracker to his
partner. He also re ected:Ifi Aug (2014) | was doing (sport event) so | was probably
going for runs in the morning, like training for it. When you set the target to 12K steps,
you can see those days where | did the runs, and | stopped towards the end 6f 2014.

Participants often re ected on the context and circumstances around speci ¢ peri-
ods of peaks and troughs. For example, P14 re ected on a period of peak performance,
“Here | was being very t (early 2015), | was doing dragon boat, swimming bike riding,
but clearly it doesn't look as good as here (recent Mar 2016119, when investigating
why he had high lightly active minutes versus low very active minutes on a speci c day
in Aug 2015, he recounted| actually know what that day was, that day was the day |
moved in, in our current apartment. It makes sense it was a long day with a lot of light
exercise but few very active minute$28 examined a peak day?25K steps, wow, very
high ... I obviously gone for a run or hike on that day. It is sort of interesting looking at
itand guring out what's happening. It even triggered a desire to investigate further,

“l would like to have more information for that day. E.g., click on it and see more data.
Why it's that valué.

3.5.6 Feedback on design

We now report participant comments about tBaickWithltinterface and its gradient
versus goal views.

What participants “ Liked Most’

When asked what they “liked most” about the application, 81% of participants com-
mented on clarity and intuitiveness of the calendar visualization. They also liked being
able to see the overview as well as details of individual days. A typical comment,
from P4 was: f like seeing the more comprehensive view, the way the information is
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organised, FitBit gives you the change, more like a vertical bar, ... but your chart gives
the overview the whole year, every day, so it is more detéil€tl5 liked being able

to see both overview and detaifs)ike the way you can look across month and years
even”, “I like that you can hover over it certain cells to see detailSbme typical
comments about the clarity and aesthetics are: Pt8:laid out where you can see
the entire week, month and year you're working on. And it goes back all the way to
July, so | can look at all of it, complete overview. It's all very straightforward and easy
to understand. P7: “I liked the simplicity, in the FitBit versus iStuckWithlt. FitBit is
kind of all over the place. I like iStuckWithlt, it's kind of a very simplistic view.

Gradient versus goal view.

During the post-interview, we asked users to comment on preferences between goal
Itering and gradient views. The summary of preferences is in Column 14 in Table 3.3,
with G for Goal, N for gradient and B for both. Of the 15 participants who answered,
47% (7) preferred the goal view, saying it helped them see patterns better. These
participants were also able to state activity goals in the pre-interview. Their comments
showed that they valued clarity. P20t like goal Itering mode more because the
difference is more pronounced. | can really see the blue or the white very quickly and
get a quick glanck P11, “[gradient view] doesn't give me very useful information as
the view before [goal view], because | can't differentiate between different colours ...
It's not very easy to see’..

Three of the 15 participants (20%) preferred the gradient view. P5 found the
amount of white in the goal view was discouragingdid‘ not like so many whites. So
when goal ltering is off, every box has some colours instead of many white cdlours.
The other 2 participants who preferred gradient view said it helped them identify their
global peaks better. P14l fike the gradient more, | think the gradient tells me more
information, the other mode there are just lots of white, | can tell the max beRé8,

“| prefer without ltering. Because you have your max steps. I'm sure if | exceed the
31k, that will help and spur you to more activity.

Five of the 15 (33%) responded that both views were useful, and we observed that
they seemed to enjoy switching between them. Fmd it useful to be able to see
different views, | like both of thémP8, “I like both, a combination is good.

Overall, it seems that both views are valuable, with some variation in preferences
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across participants. To gain insights into how users may use this type of report outside
the lab environment. In the post interview, we asked users if, how and how often they
would like to view this type of long-term report. Eleven of our participants (52%)
preferred to view such data in an email. Five participants (24%) preferred to go to
the website regularly or have both. P10 was not interested in the report because he
was only interested in tracking towards his daily count and did not see a need for
such a detailed report or analysis. P5 preferred to use custom tools he had developed.
In terms of frequency, 7 participants (33%) preferred to see this report on a monthly
cycle which suggests an appreciation of the long-term nature of this data. Surprisingly,
8 patrticipants (38%) reported a weekly cycle which is very short term. P9 preferred
weekly email report but to view the website monthly. Perhaps this is more to do with
the existing weekly email summary from Fitbit as 11 (52%) of our participants viewed
this regularly. These ndings suggest many preferred to receive this type of long-term
report as part of regular updates. They prefer longer duration or even on-demand for
more interactive engagement in the website.

3.6 Discussion

We now discuss our results in terms of our two research questions, the implications of
our work for the design of interfaces onto long term physical activity and future work.

3.6.1 RQ1: How do people currently use their long-term physical
activitydata and how does this relate to their actual daily,
hourly and goal adherence?

Most of our participants rated tracking as very important. This was to be expected for
long term trackers (median 23 months) and their average daily adherence rate was 68%,
with about half (10) over 80% daily adherence. Delving deeper into their feedback it
becomes clear that this importance is more to do with short term uses such as having
a benchmark indicator. We now summarise ndings about our participants' use and
understanding of their long-term physical activitydata.
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People accumulated long-term physical activitydata as a by-product of short term
tracking.

This is striking and may well be due to the lack of tools for easily making use of
long-term physical activitydata. Although our participants have been using their track-
ers over a long period of time, most have not been able to harness their long term
data. Six (29%) had downloaded their data, then each used different analysis tools
for different goals. This is in line with the lived informatics view of personal tracking
[Rooksby et al., 2014] where tracking data is often for short term goals.

People have substantial errors in their activity estimates, even when they have
high daily and hourly adherence

The average error in step estimates was 20% (median 15%). Somewhat surpris-
ingly, even among the 6 participants with 100% daily adherence (hourly adherence:
81-99%), three had errors of above the overall average (21%, 27% and 57%).
While our main goals foriStuckWithitwas on overall adherence measures, we
also explored differences between weekend versus weekday activity levels. Public
health measures of activity are designed to account for this and many people have
differences [Tang and Kay, 2016]. Our participants averaged a difference of 10%
(median 15%) with wide disparity between them (std: 33%). Of the 12 participants
willing to estimate whether they had higher or lower activity levels on weekend versus
weekdays, 50% (6) participants got it wrong. Future work could explore ways to
provide more details of these differences, both for wearing and activity behaviours.
Overall, we found no link between the duration of wear and being more accurate with
self estimates. It seems that longer term trackers are no more aware of their long-term
physical activitytrends and patterns.

Goal adherence is linked to over- or under-estimates

We examined whether higher goal adherence was linked to higher accuracy in step
estimates. Surprisingly, while participants with higher goal adherence are not more
accurate in steps estimates, they are more likely to under-estimate their steps and the
opposite is true for lower goal adherence participants. It is unclear from our data as to
the why this occurs but it may be related to the nature of human memory.
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Link between goal adherence and self-ef cacy (con dence)

A self-ef cacy score was used to measure participants' con dence in meeting activity
goals. It is often used in health and education research as an indicator for achieving
long term goals. A study of 400 women [Rooney et al., 2003] reported that increased
use of activity trackers was linked to self-ef cacy. While we did not nd a near sig-

ni cant relationship between duration, daily, hourly adherence and self-ef cacy, we
did nd near signi cant link between higher self-ef cacy and higher goal adherence
(p<0.1). This becomes strong if we exclude the 4 participants who did not have a step
goal (p< 0.05). These results support the link between goal adherence and self-ef cacy
for people with goals.

Daily adherence patterns

We observed 3 main daily adherence patterns in our participants: (a) fully adherent,
(b) regular breaks and (c) large breaks. It was common for our participants to come
back to tracking from large breaks, some after months. There was also striking vari-
ability in break behaviours, both between individuals and also within individuals. The
fully adherent users were quite similar to the 34 myocardial infarct recovery patients
in [Meyer et al., 2016b] but our participants were even more consistent in daily ad-
herence. Our work adds to the literature emerging about breaks and consistent daily
adherence [Epstein et al., 2016b] and highlights the need to consider them in present-
ing long-term physical activitydata. Notably, this also points to the poor accuracy of a
weekly summary that ignores daily adherence. For a person who has even 1 missing
day a week, this mean they underestimate their activity level. Moreover, failure to ac-
count for variability in breaks can lead to unpredictable inaccuracies in self estimates.

Hourly adherence patterns

In contrast to daily adherence, hourly adherence for individuals was less varied across
individuals (median 81%, std 18%) and within individuals (median 13 hours, std 4
hours). This suggests that our long-term physical activityparticipants tend to be con-
sistent in terms ofiow longthey wear their trackersn days they do wedheir tracker.

We also found a positive link between daily adherence and hourly adherence and a link
between higher hourly adherence (both percent and actual hours per day) to the length
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of continuous wearing streaks. This suggests that the higher a user's daily adherence,
the higher their hourly adherence over consecutive days. our participants had higher
hourly adherence than most of the 237 University students who were given a FitBit for
a semester [Tang and Kay, 2016]. This suggests hourly adherence may be a marker of
longer term trackers and further investigation is needed.

3.6.2 RQ2: What insights can people gain from our interface
which shows daily, hourly and goal adherence over the long
term?

Insights about wearing behaviour in daily and hourly adherence

Our participants, on rst seeing their dataituckWithlt were able to interpret their
daily adherence pattern. This also evoked re ective comments on wearing patterns.
This is in line with the priority we placed in making daily adherence very visible. This

is the rst work to report people's re ection on their long term wearing behaviour,
an aspect that is important for making sense of long term physical activity. Some
found it con rmed their own understanding. But comments from a third of participants
indicates insights, either on higher or lower than expected daily and hourly adherence
levels.

Inferences about context and factors around notable features in daily and hourly
adherence

The choice of calendar layout was intended to give people a broad overview of their
data in a format that may enable them to recall relevant context and factors affecting
both wearing and activity behaviour. The think-aloud studies con rmed that this was
effective. Most participants with periods of low daily adherence re ected on this and
recalled reasons and explanatory factors (e.g., holidays, injury).

Insights from goal adherence patterns, steps and active minutes

A key design goal was to make goal adherence visible and the calendar format pro-
vided two views. For people who have a goal target and want to see their performance
against that, thgoal viewallows them to set two levels of goal adherence. Although
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our default setting was 100% and 50%, the user's needs may well make other levels
meaningful for them. Thgradient viewsupports more open exploration. This was
intended for people who did not have an explicit goal, and for broader exploration of
activity. Both these views enabled people to explore their data in terstepfgoals

which are entrenched in the FitBit feedback, as wele&s/e minuteswhich is widely

used in public health recommendations (such as [Haskell et al., 2007]). Several partic-
ipants spoke of their goal adherence in terms of the colour, for example, being pleased
to see lots of bright blue, wanting to have more blue or less white.

3.6.3 Lessons for design of interfaces onto long-term physical ac-
tivitydata

Our study con rms thaiStuckWithitmet its four design goals. DG1 was to ensure
users could readily segal adherencen terms of steps or active minutes per day. DG2
and DG3 were to make wearing behaviour visible, with daily adherence highly visible
on the calendar, with hourly adherence available for more detailed exploration of data.
DG4, to support re ection about trends, events and context harnessed the calendar
layout to help people recall salient factors and context. Our interface's design, with
daily adherence seen with goal adherence, enabled all participants to consider these
together, re ecting on how well they met their activity goals, but taking account of the
data availability and their wearing behaviour. Our interface supports those who want
to see granular data, which Epstein et al [Epstein et al., 2016a] found was the case for
longer and more consistent users. We offer the following additional insights around
our calendar interface for re ecting on long-term physical activitydata.

The calendar supports re ection on factors and context affecting goal adherence

Encoding activity data into a calendar chart enabled users to re ect on their long-term
physical activitydata in terms of their context at the time. In addition, the interac-
tive pop-up (or tool-tip) supported detailed exploratig@tuckWithlt enabled partici-
pants to re ect on long term trends and discover patterns that mattered to them. Our
work con rms the power of the calendar format. This builds on the work of Huang
[Huang, 2016] although the integration of activity into a regular calendar is differ-
ent from our use of the calendar format. There may be synergies in using both, the
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integrated to raise awareness of activity during the regular use of a calendar and an
interface likeiStuckWithltto support re ection on long term data.

Wearing behaviour in terms of daily and hourly adherence is valuable.

We introduced these measures of adherence to represent wearing behaviour. This has
two key roles. First, it addresses the well documented challenge of interpreting long-
term physical activitywith incomplete data. This is what our participants found when
they studied hourly adherence to understand apparent changes in goal adherence; they
could often discover that they had simply not worn the tracker for a period of time
and, with the calendar context, could often reason about the causes. It enabled them
to make sense of their data. As physical activity tracking capabilities extend to
non-dedicated activity tracking devices such as smart phones and smart watches, we
can expect wearing patterns and adherence pro les to change. As such, daily and
hourly adherence measures seem even more important as one of the key indicators
for comparing activity level data from different devices, time periods and use. In the
example of P15, she was more adherent in 2013 because the Fitbit Zip tracker had a
much longer battery life compared to more contemporary wrist based trackers that are
perhaps more desirable but, at least in her case, more dif cult to consistently wear.
We demonstrate that by integrating goal, daily and hourly adherence data in a calendar
chart design, users can re ect on whether the differences in the visible activity levels
are due to changes in behaviour or if they are impacted by incomplete data or perhaps a
combination of factors. A second bene t of making daily and hourly adherence visible

is that participant could re ect on their wearing behaviour and consider changing it.
Indeed, some of our participants reported that they felt motivated to see more coloured
cells or wear their tracker longer. This possibility of affecting wearing behaviour is
worthy of further investigation. The long term motivational effects of our designs is
worth further exploration.

Both goal adherence and gradient views are valuable.

We found that aggregation at the daily activity level in the form of goal adherence is
valuable, with the option of gradient and goal views. The former is especially use-
ful for those with striking peaks in activity. These appears to be an effective way to
address the challenge of providing an overview of activity data over a long period,
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both for users who want to think in terms of goal targets and for those who want to
do broader exploration. Our goal Itering view design of encoding activity levels in
the four colour-codes also proved effective. The facility to alter the thresholds enabled
participants to explore their data on multiple values for full and partial goal-adherence.
Several participants commented that they preferred the goal ltering view because it
was easier to see large peak days which skews the gradient view. Some preferred the
gradient view as it helped them see peaks and low periods. Some had negative reac-
tions to seeing white coloured cells (e.g., P5) while it was motivating for others (e.g.,
P11). Five participants also reported liking the ability to both views. We recommend
both goal-adherence and gradient to support different forms of re ection.

3.6.4 Potential roles and uses foiStuckWithlt

How might people want to us&tuckWithltwithin their busy lives? We designed it

to support meta-cognitive activities of self-monitoring and self-re ection of long term
physical activity. Our lab study clearly demonstrated that participants did engage in
these same meta-cognitive activities about their wearing behaviour. Our results point
to the meta-cognitive roles @dtuckWithltand how people might want to use it.

Core to all these metacognitive activities are people's physical activity goals. Goal
setting theory suggests that effective goals should be “S.M.A.R.T”: speci c, measur-
able, attainable, relevant and have a time frame [Locke and Latham, 2002b]. Like our
participants, a user could usstuckWithlto become aware of their long term and more
recent activity levels, accounting for changes and patterns over months, seasons and
years. This could support setting an attainable goal and they may also plan to return to
iStuckWithltto check if they were achieving new goals. For example, for a goal with
time frame of 1-month, the user might check their progress at the end of the month.
For long term self-monitoring of goals, a subsystem could trigger an email alert when
major changes are detected, such as a dramatic decrease in long term activity levels
this year compared to last year.

A major life change might also be a trigger to uS¢uckWithltto see the effect.

For example, P21 concluded that moving from a central location to a suburb correlated
with a drop in activity and they stated that they planned to move back. By contrast, P8
discovered that changing location did not have as large an effect on his activity level as
he expected. If a user like P21 actually did move house expecting it would affect their
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activity level, they may want to check the effect usiBguckWithlta few weeks later.

Regular, scheduled use B8tuckWithltcould be supported with an email taking
them to the interface. This is similar to Fitbit's weekly email service. We asked par-
ticipants how often they would like to use it, with most opting for weekly email with
an option to go to the website for more interactive viewing at a longer frequency. New
public health advice is another potential trigger to returistackWithlt For example,
many of our participants relied on the default of a 10,000 step goal. If they read a news
article claiming it is important to do 10 very active minutes per day, or 60 minutes of
moderate activity, they may return iBtuckWithltto discover whether they meet that
goal target. This may trigger setting new goals. A scheduled email service, discussed
above, might include the option to also receive information about important new public
health guidelines. At an individual level, people who have particular medical condi-
tions may bene t from a personalised version of such a service. For example, a recent
meta-analysis of exercise for people with cardio-vascular disease points to new under-
standing of the relative bene ts of high intensity and moderate intensity continuous
training for this particular population [Liou et al., 2016]. Another roleifstuckWithlt
is to share it with an advisor, such as a doctor and health coach.

Overall, we envisage that beyond the l&tuckWithltuse would be linked to peo-
ple's highly individual physical activity goals. These goals may be explicit, such as
increasing to 10,000 steps a day or maintaining current levels. They may be vaguer.
Broadly, one class of triggers for usiigtuckWithltare scheduled reviews of activity
to gain awareness, re ect and self-monitor, then potentially to plan changes. Another
important class of potential triggers could come from automated processes, such as re-
porting new health guidelines or analysis of the data to highlight important changes in
activity levels. This might also apply to wearing behaviour if daily or hourly adherence
becomes too low for reliable assessment of activity, or with motivational triggers when
they continue to use of trackers for extended periods of many days, weeks or months
(described as streaks in [Meyer et al., 2016b]) with an acknowledgement reward of
seeing more coloured cells in their long term data.

3.6.5 Future Work

Health and well-being are long term endeavours that require personal control and self
regulation [Bandura, 2005a]. We could further explore how our interface can support
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long term SMART goals. We could also explore the effectiveness of different feedback
frequencies, triggers and how they can be tailored to users needs and circumstances. A
promising direction is how such long term data user interfaces can support interaction
between users and their medical practitioners or health advisers. We see opportuni-
ties to extend the current interface by integrating with user's email and calendar to
access more contextual information (e.g., via a click on calendar cell). Such integra-
tion could enable Itering or highlighting capabilities (e.g., show activity levels only

on days when | am at work or when it is not raining). We can also provide users the
ability to annotate or label days as a way to record or highlight special days and time
periods (e.g., training for marathon). In addition, there is an opportunity to design user
interface scaffolding for re ection and goal setting which can be useful in learning
domains for supporting complex learning goals [Azevedo and Cromley, 2004]. The
design ofiStuckWithitdrew upon physical activity literature to determine that steps
and active minutes are meaningful ways to interpret Fitbit data. Adapting it to show
other information that sensors now collect, such as heart rate and sleep will also need
careful design, based on careful analysis of the relevant literature. Further investigation
is needed to examine how and when to show hourly adherence. As mentioned previ-
ously, the weekly bar graph may be better used to show other information especially
those with consistently high hourly adherence. We can explore options based on trig-
gers or thresholds which may be controlled by users through settings (e.g., highlight
or hide incomplete days de ned as days with less than 6 hours of data). Finally, we
would like to study authentic use i8tuckWithltover the long term, both with healthy
people and those with special needs.

3.7 Conclusion

Increasingly, people are amassing long-term physical activitydata. These have the po-
tential to play an important role in re ection, goal setting, monitoring and planning.
Currently, there is a gap in understanding the ways that people have used such long
term data and an outstanding need for interfaces that enable people to harness that
potential.

Our study aimed to examine if designs that taking into account incompleteness
can help users extract insights from long-term physical activitydata. We introduced
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the notion ofadherenceo designiStuckWithlt This uses a custom calendar chart
design to show wearing patternsasdaily and hourly adherence which capture when
people wore their tracker and for how many hoursand embedding activity data,

as steps or active minutes, to support re ectiongoal adherencgon days when

they had data, did they achieved their goals). We report a study of 21 long term
FitBit users (average: 23 months, 71 year). It began with an interview about

their use and knowledge of their long-term physical activitydata, followed by a think-
aloud study withiStuckWithltand a post-interview. The initial interview provides new
understanding about long term trackers: their daily adherence showed diverse patterns
with some having considerable gaps; but hourly adherence was more consistent; people
met their step goals on less than 50% of days with data, but they reached at least
half of their daily goal on 80% of days. Surprisingly, we found that the longer
term and higher daily and hourly adherence users in our participant population are
not more likely to be aware of their step counts and differences between weekday
versus weekend. This extends support for the need to investigate interfaces that support
re ection on long-term physical activitydata. This work makes two main contributions:
new understanding of the ways that people with long-term physical activitydai

used it and how well they know about the design and evaluatioof iStuckWithlt

that demonstrates adherence data inclusion in interface designs can help people gain
insights on their long-term physical activitydata even when data is incomplete.



Chapter 4
Designing for Adherence: Scaffolding

Preamble

Tang, L. M. and Kay, J. (2018a). Scaffolding for an olm for long-term phys-
ical activity goals. InProceedings of the 26th Conference on User Modeling,
Adaptation and Personalizatippages 147-156. ACM

This work was published in the International Conference on User Modeling, Adap-
tation, and Personalization in 2018. It reported on contributions described in section
1.2.3.
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Abstract

An important role of open learner models (OLMs) is to suppsaif-re ection We
explore how to do this for an OLM based on ne-grained long-term physical ac-
tivity tracker data that many people are accumulating. We aim to tackle two well-
documented challenges that people face, in making effective use of an OLM for re-
ection. 1. We created a tutorial to scaffokbnse-makingeeded to understand the
meaning of the OLM. 2. We integrated an interface scaffold to help usmrsider

key question$or effective re ection. We report the results of a qualitative think-aloud
lab study with 21 participants viewing their own long-term OLM. To evaluatetuhe
torial scaffolding we split participants into an experimental group, who did a tutorial
before exploring the OLM and a control group which explored the interface without
the tutorial. To evaluate thee ection scaffolding all participants rst explored the
interface as they wished. We then providgmhl promptsto scaffold re ection. Our
study revealed that, under lab conditions, the tutorial scaffolding was not needid
participants in both groups could readily understand the OLM. However, we found that
several of the goal prompts were important to help participants consider key questions
for effective re ection. Our key contribution is insights into tdesign of scaffolding

for re ection in a life-long learning contexof gaining insights and setting goals for
physical activity.

4.1 Introduction

There is a growing body of work that aims to create Open Learner Models (OLMS)
to support meta-cognition [Guerra, 2016, Bull et al., 2016, Long and Aleven, 2013,
Desmarais and Baker, 2012, Tabuenca et al., 2015]. Much OLM research has been in
the context of formal education. However, this important role of user models is also
important inlife-long andlife-wide learning. In particular, one key role of an OLM is

to supportself-re ection[Bandura, 2005b, Deci and Ryan, 2000, Bull and Kay, 2010,
Desmarais and Baker, 2012, Bull and Kay, 2016]. This is especially important for
achieving very long-term goals, such as achieving and maintaining healthy levels
of physical activity [Barua et al., 2014, Marcengo et al., 2016, Kay, 2016]. OLMs
can play several important roles, including support users' curiosity about their
data, allowing for playfulness in tracking style [Rapp and Cena, 2016], learner
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trust [Ahmad and Bull, 2009] and several broader important meta-cognitive activ-
ities [Bull and Kay, 2013, Feyzi-Behnagh et al., 2014, Duffy and Azevedo, 2015,
Bull and Kay, 2016].

Our work aims to take insights from OLM research into the arepav§onal in-
formatics where emerging sensor technologies enable people to collect considerable
personal data. We focus on the goal to harness data from worn sensors about physical
activity. Such sensors are becoming ubiquitous with the emergence of dedicated de-
vices such as the Fitbitas well as through ambient tracking via non-dedicated devices
such as smartphonés. Our work takes an OLM perspective, rst to transform long-
term physical activity data into a user model, then to create an OLM interface, called
iStuckWithlt to support self-re ection on the user model.

In this paper, we consider two research questions about the scaffolding for self-
re ection usingiStuckWithlt

Do users need a scaffolding introductory tutorial to self-re ect usftyick-
Withlt?

Do users bene t from a re ection scaffold to systematically self-re ect on core
long-term goals represented in the OLM?

To explore this, we conducted a lab study where 21 existing long-term physical ac-
tivity trackers were asked to usgtuckWithlt{Tang and Kay, 2017], with 2 additional
scaffolding elementdutorial introduction anajoal promptdor re ection. The tutorial
scaffolding asks users to review the data of 2 hypothetical users, with data that high-
lights critical features of the dashboard. The goal prompt scaffolding is a side panel
(pop-up) that asks users to answer 5 questions about their goals and their behaviour
including whether they are achieving their goal, whether they should change their goal
and to consider differences between when they are at work and not at work, weekend
and weekdays or on holidays. These questions prompt users to considering their goal
setting as well as how environmental and temporal factors that are known to affect
physical activity, as documented in health literature [Cadmus-Bertram et al., 2015a].

The next section reviews related work followed by the study design and results. We
conclude with a discussion of the ndings and lessons learned for future designs.

! tbit.com
https://www.apple.com/au/ios/health/
Shttps://support.apple.com/en-au/HT203037
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4.2 Background

This section positions our work in relation to three bodies of previous research. First,
we build on OLM research, where a user model is made available to the user to sup-
port goals such as self-re ection. Then we introduce the largely independent work
on personal informatics, including an overview of the design of the b&gickWithlt
interface. The third key strand is on meta-cognitive scaffolding for OLMs. We then
introduce the mairStuckWithltinterface and explain the goals of our work in terms of
the new contributions we aim to achieve.

Open Learner Modelling has a long history, beginning with the recognition
that a user model (also called student or learner model) could be made avail-
able to the user [Kay, 1994, Bulletal., 1995]. An OLM could serve several
roles, including the learner interacting to negotiate or argue about the user model
[Bull et al., 1995], supporting user control over their personal data [Kay, 1994]
and for metacognitive processes of self-re ection, self-monitoring and planning
[Bull and Kay, 2010, Desmarais and Baker, 2012, Bull and Kay, 2016]. There has
been considerable research on the ways to present learner models, comparing
various forms [Bull and Kay, 2016, Guerra-Hollstein et al., 2017]. There is also
a body of studies that have demonstrated their effectiveness for learning in for-
mal educational contexts [Mitrovic and Martin, 2002, Mitrovic and Martin, 2007,
Desmarais and Baker, 2012, Long and Aleven, 2013].

While OLM research has been largely concerned with formal educational settings,
emerging sensor and mobile technologies have led to Personal Informatics research
[Li et al., 2010] and the similar Quanti ed Self movement in the broader commtinity
These communities also aim to create useful representations of users, available in
interfaces that have similar goals to OLMs. This community has demonstrated that,
while people see the potential value of such data for self-re ection, current tools
fail to support this well [Lietal., 2011, Rapp and Cena, 2016, Rooney et al., 2003,
Tang and Kay, 2017, Choe etal., 2017, Gouveiaetal., 2015]. Indeed, there is a
growing body of evidence that points to a lack of perceived usefulness of long-term
tracker data [Rapp and Cena, 2016, Fritz etal., 2014, Rooksby etal., 2014]. In
personal informatics, the user models need to be designed to represent aspects
of user's goals, linking the available sensor data to those goals. A key problem

4http://quanti edself.com/
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in creating the model, and associated OLM interfaces, relates to problems in the
accuracy of the data due to incompleteness. For example, a worn activity tracker
only gives reliable data when the user wears it and this should be considered
in reasoning about the user's activity level and modelling their goal achieve-
ment. Incomplete data compromises the usefulness of tracking. People can lose
con dence when they are confronted with gaps or incorrect reports due to gaps
[Rapp and Cena, 2016, Bentley et al., 2013]. Failure to account for, or recognise,
incomplete data can mean that people consider the data not to be useful which has been
reported in recent years [Rapp and Cena, 2016, Lazar et al., 2015, Shih et al., 2015,
Fritz et al., 2014, Yang et al., 2015, Harrison et al., 2015, Elsdenetal., 2015]. A
similar problem has been identi ed for OLMs for formal learning, with the need to
represent the uncertainty in the model [Epp and Bull, 2015, Al-Shanfari et al., 2016].

While the ideal OLM interface would be readily understood by the user, in
practice this may be dif cult to achieve. Even with a quite simple skillometer,
consisting of just seven bars [Long and Aleven, 2011], there were challenges in
both understanding the model and the meaning of the components display as well
as in re ection. Self-evaluation is especially important for achieving the very
long-term goals, such as achieving and maintaining healthy levels of physical
activity [Barua et al., 2014, Marcengo et al., 2016, Kay, 2016]. OLMs can play
several important roles, including supporting users' curiosity about their data,
allowing for playfulness in tracking style [Rapp and Cena, 2016], facilitating learner
trust [Ahmad and Bull, 2009] and several other important meta-cognitive activ-
ities [Bull and Kay, 2013, Feyzi-Behnagh et al., 2014, Duffy and Azevedo, 2015,
Bull and Kay, 2016].

This work explores the role of scaffolding for tii&tuckWithltinterface. The de-
sign of this interface and the nature of insights people made when using it have been
previously reported [Tang and Kay, 2017]. We now brie y introduce that version of
the interface, as shown at the left of Figure 3.1. Broadly, the design is based on a
calendar visualisation. The labels A-H illustrate key features. A marks the drop-down
menu to select the class of goal the user wants to see; those in the study are steps per
day, count of active minutes per day and distance walked per day. The main interface is
marked B for a period when the user has data about their activity levels (with all cells
either white or shades of blue) and C when there was a period with no data because
the user did not wear their tracker in that period (grey cells). The gure shows the
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interface con gured for a goal target of 10,000 steps a day and only cells exceeding
this are bright blue. The con guration in the gure sets a 50%, or 5,000 step threshold
for the lighter blue and then white indicates days that have detaX step) but less

than 5,000 steps. The bars marked with D were designed to help the user take account
of the impact of their actual wearing behaviour on the results shows. The bars show
the average number of hours per day the user wore the tracker in each week. When this
is low, as in the case of weeks nearest the D, the results are based on just the limited
data that is available. In the gure, the user has clicked on the cell near E to see more
details for that day. The upper middle is the con guration section, labeled F. This en-
ables the user to change the thresholds for the goals. The right part of the gure, G, is
the re ection scaffolding that is the focus of this paper. H enables the user to alter the
display from goal oriented, as in this gure, to a gradient.

In summary, there has been considerable research in OLMs, especially in formal
educational settings. There is a growing body of work in personal informatics and
broader community interest in Quanti ed Self. Both have identi ed a key challenge
for effective use of personal dataalthough they have not used the term, OLM, they
highlight the need for scaffolding to help people make sense of complex collections
of personal data, user models, so as to support their self-re ection. Our work tackles
this problem. This paper goes beyond our previous reporSuickWithls design
[Tang and Kay, 2017] as we now describe the study of the two forms of scaffolding we
explored for thaStuckWithItOLM interface: the tutorial scaffolding to introduce the
interface and the re ection scaffolding.

4.3 Study Design

Our two research questions were:

RQ1: Tutorial scaffold: Do users need a scaffolding introductory tutorial to self-
re ect usingiStuckWithI?

RQ2: Goal prompts scaffold: Do users bene t from a re ection scaffold to sys-
tematically self-re ect on core long-term goals represented in the OLM?

This section rst describes the overall design of the study and then the detailed
design for each research question.
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