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We built the Health Mashups system to identify connections that are significant over time between
weight, sleep, step count, calendar data, location, weather, pain, food intake, and mood. These significant
observations are displayed in a mobile application using natural language, for example, “You are happier
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1. INTRODUCTION

The Merriam-Webster Dictionary defines “wellbeing” as “the state of being happy,
healthy, or prosperous.” [Merriam-Webster 2011] Wellbeing is an important measure
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of the quality of a person’s life and is a measure that we, as social computer science
researchers, hope to increase through new computational systems that help people
understand the patterns in their lives that impact their wellbeing over time.

Much of the world today is experiencing a breakdown of general wellbeing at a scale
never before seen. In America, over one-third of adults are officially obese as are 17% of
children. [CDC 2010] Western-European countries are also quickly approaching these
numbers. For example, one in six children aged between 2 and 15 are obese in the
UK. [BUPA 2011] Major factors contributing to obesity include a sedentary lifestyle
and high-calorie food choices. Many aspects of people’s lives can lead to these lifestyle
choices. Some people live in cultures of fast and fried foods, rich desserts, and peer pres-
sure to eat to excess [Christakis and Fowler 2007]. For others, a busy or car-centered
lifestyle can lead to less time for physical activity. This sedentary lifestyle leads to an
increased risk of chronic diseases, the leading cause of death in the world, including
hypertension, diabetes and obesity.

Another challenge for wellbeing is sleep. Millions of people around the world have
trouble sleeping, many to the point where it severely impacts their ability to function
during the day. It is often quite difficult to understand what factors lead to a bet-
ter night’s sleep. Many millions also suffer from mood disorders, and understanding
the aspects of life that affect mood is often a critical, but difficult, first step towards
improvement.

A variety of contextual factors can work together to impact a person’s overall well-
being. The weather, food, alcohol or caffeine intake, stress levels, or having late-night
or early morning appointments all can affect sleep as well as daily activity levels and
weight. We are interested in understanding the effects of these contextual variables on
wellbeing over time and how people change their behavior with increased awareness.
All of these aspects of wellbeing are able to be captured fairly easily using devices on
the market. However, solutions that combine data from all of these sources are not yet
prevalent, much less ones that look for longer-term trends.

Therefore, we set out to study these long-term patterns in individuals’ daily lives
in order to make people aware of them and reflect upon. Managing an overall state
of wellbeing is a game of tradeoffs. A slice of cake may contribute to your happiness
today, but not to your health in the longer term. Making one bad decision of this mag-
nitude will not impact overall wellbeing, but, over time, such decisions add up to create
patterns and long-term effects. [Rachlin 2004] We will argue that by providing a tool
to help people understand long-term patterns of behavior, users will be empowered to
see the tradeoffs that they face in daily life in new ways that are difficult to spot on
their own. Understanding these trends helps to focus behavior change to specific and
actionable moments. For example, discovering trends in personal information indicat-
ing that on days when you have many scheduled meetings you gain weight could cause
you to reflect on why that is the case and take action to change it on your next busy
day by opting for the salad over the French fries in the cafeteria or explicitly reserving
time for exercise. We initially postulated that these correlations between context and
aspects of wellbeing would be quite different for each individual. Therefore, we have
built a system that analyzes an individual’s wellbeing across multiple dimensions and
identifies the significant patterns that emerge over time with respect to a variety of
automatically gathered contextual data.

It is currently quite difficult for people to discover these long-term patterns about
themselves. Even for those who use tools like the Withings scale and Fitbit pedome-
ter to track their daily weight and step count, it is not possible to see trends between
the two or to see how they interact on specific days of the week, weekends vs. week-
days, month to month, etc. over time without exporting the data into complex statis-
tical packages [Li et al. 2011]. Users are facing a data overload in which the complex
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interactions among streams of weight, steps, workout data, calorie intake data, loca-
tion, calendar information, and more are just too much to process on one’s own, es-
pecially through time-series graphs. Our work is based on the idea that that seeing
cross-sensor insights into one’s wellbeing over time is needed to create an understand-
ing of the underlying causes of negative behaviors and to start on a path towards
contemplative action [Prochaska and Velicer 1997].

Smartphones are a useful platform for collecting contextual data from many aspects
of a person’s life and for discovering trends that illuminate correlations between as-
pects of a person’s context (e.g., total time free/busy in a day, location, weather, etc.) and
their wellbeing (e.g., weight change, daily step count, sleep, mood, etc.). People carry
smartphones throughout the day and use them frequently each day in small bursts of
time. By displaying significant observations about a person’s wellbeing on the phone,
we aimed to encourage reflection on wellbeing in these small breaks, much along the
lines of previous work with step counts (e.g., Connelly et al. [2006] and Consolvo et al.
[2006, 2008b, 2009]).

This article will discuss our system, the first individually focused platform for au-
tomatically finding significant trends in long-term wellness and context data, as well
as findings from two field studies, an initial pilot study and a larger 60-participant,
90-day field study with an improved version of the system. We will discuss how partic-
ipants were able to reflect on their wellbeing in new ways through this mobile-based
system and how they created focused behavior change strategies based on the obser-
vations that were presented to them in the system. These behavior changes led to sig-
nificant improvements in weight, mood, and WHO-5 wellbeing scores over the course
of the study. This work can serve to help others in creating wellbeing systems that
cause users to reflect on the impact of patterns in their daily lives and make posi-
tive changes to their behavior to improve mood, weight, activity levels, sleep, or other
aspects of their general wellbeing.

2. BACKGROUND AND DESIGN MOTIVATION

Over the past five years, there has been a solid stream of work on mobile wellbeing
systems both in the HCI community and in the commercial applications/devices space.
Commercially, devices such as the Fitbit and Nike+ sensors have allowed people to
examine their physical activity at a great level of detail. Similar devices such as Philips
Direct Life provide easy ways to understand daily activity levels and provide simple
suggestions on ways to be more active throughout the day. Internet-connected scales
(e.g., the popular Withings model) allow people to easily keep track of their weight and
changes over time without the need for manual log-keeping.

While some of these services, such as Fitbit, allow users to import data from multiple
sensors (e.g., Fitbit and Withings) into a single account, these commercial services
currently do not provide any graphs, insights, or suggestions to users based on the
combination of different wellbeing data feeds. Each sensor is devoted to its own space
in the interface. For example, graphs on the Fitbit website show information regarding
the number of steps the user has walked in one box and a graph of the user’s weight in
another with no way to directly compare them or to easily discern patterns in the data
over time.

In the research community, Li et al. [2011] have developed a system to display con-
textual information with related wellbeing data in time-series graphs. This system
allows users to remember the context surrounding specific single scenarios when try-
ing to interpret spikes or valleys in data such as step count or weight. This work shows
the importance of understanding the connections between context and wellbeing data,
but only showed the potential on a small scale of what happened on a particular day.
We believe that this is an important start, but that long term trends and correlations
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are still quite difficult to discover in such systems. This is why we focus on mining
wellbeing and contextual data streams for correlations and deviations over months of
data. In his Ph.D. dissertation [Li 2011], Li agrees and says that correlation analysis
of this data is “difficult” and “another research project.”

Other research systems such as Salud! [Medynskiy and Mynatt 2010] also aggregate
data from multiple sensor and contextual streams. In Salud!, as in Li’s work, users are
left to interpret the data on their own, from time series graphs and large data tables.
It can be quite hard for users, especially those not able to interpret graphs, to gain
any meaningful insights from this data. Hence, we are interested in automatically
analyzing similar data sets using statistical methods to identify long-term patterns
for users.

Studies of numeracy and statistical literacy have shown that many lack the abil-
ity to understand and apply data from graphs. Galesic and Garcia-Retamero [2011]
found that 41% of Americans as well as 44% of Germans had low graph literacy skills
in understanding very simple bar and pie charts. Ancker and Kaufman [2007] take a
broader look at health numeracy and discuss not only problems in interpreting graphs,
but also problems in understanding statistical data. These studies motivated us to con-
sider alternate methods to present the complex interactions between wellbeing data
streams over time and between sensors.

While there appear to be no clear practices on how to verbally convey statistical data
[Gigerenzer et al. 2007], several suggestions have emerged from the literature. Lipkus
[2007] discusses using variations on the phrase “likely” to discuss risk or statistical
certainty. We chose to adopt this in appending “very likely” on the end of any obser-
vation with high statistical certainty (p < 0.01). For the rest of the formulation of the
natural language sentences that we presented to the user, we were largely on our own.
We debated several formats and settled on forms that were quite neutral and did not
convey a particular need for action, leaving this to the user’s interpretation. This re-
sulted in sentences of the form “On days when you X, you Y” or “On Wednesdays you
X more than usual.”

Consolvo et al. have explored mobile systems to encourage people to be more active
in their daily lives. They have built and field-tested several prototypes in this domain
starting with Houston, a system to track step counts and share them with friends or
family to create a competition/game around being active in daily life [Consolvo et al.
2006]. In another system, they used the mobile homescreen to display physical activity
logged by UbiFit [Consolvo et al. 2008a], a system that allows people to visualize their
individual physical activity in the form of a garden that grows on the homescreen of
the phone as a user performs a wide set of physical activities. They showed that users
with the awareness display were able to better maintain their level of physical activity
compared with those who did not use the display. These systems showed the promise
of the mobile platform for wellbeing-related behavior change, even while focusing only
on physical activity.

Consolvo et al. [2009] have also developed a set of design guidelines for systems that
support health behavior change and Klasnja et al. [2011] have explored guidelines for
evaluating these systems. While many of these guidelines focus on systems for people
already making change, some are relevant to consider for systems that are focused on
initiating change, especially those around being reflective, positive, controllable, his-
torical, and comprehensive. We focused on these guidelines when creating our system.

Fogg [2002, 2003] has created a series of guidelines for behavior change and has
been exploring the mobile device as a platform to encourage behavior change [Fogg
and Allen 2009]. He has explored text messaging as a means to encourage behavior
change and the power of triggers in notifying users of potential change opportunities
in addition to learning about their current progress [Fogg and Allen 2009].
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Anderson et al. [2007] developed a system called Shakra in which users’ physical
activity is monitored using the GSM cell signal information. In their study, they found
that making the user aware of their daily activity encouraged reflection and increased
motivation for achieving high activity levels. We were encouraged by this finding and
also by the possibility of using the mobile phone as a sensor of environmental context.

Based on this work and the availability of consumer-grade sensors to detect various
streams of data, we chose to focus on step count, sleep data, food, exercise, calendar
data, and location for our first pilot study. These captured a wide range of wellbeing
sensors and contextual information and would be sufficient to validate our hypotheses
on finding significant patterns in personal wellbeing data and context. The overarching
goal was to have no sensor stream take more than a few seconds of interaction per day
to keep the burden of using the system as low as possible over time. Other, harder-
to-sense, data could of course be added in the future such as stress levels, caloric or
salt intake, etc. The research on these types of data streams indicated that they were
just not ready for wider deployment in sustained daily use due to the complexity of
manual entry [Connolley et al. 2006] or the burden of capture and analysis [van Eck
et al. 1996].

Lastly, there exists a vast amount of related work on behavior change in social
psychology and preventive medicine. For example, Emmons and McCullough [2003]
demonstrated in an experimental study that people who kept weekly “gratitude jour-
nals” exercised more regularly, reported fewer physical symptoms, felt better about
their lives as a whole, and were more optimistic about the upcoming week compared
to those who recorded hassles or neutral life events. Kahn et al. [2002] reviewed and
evaluated the effectiveness of various approaches to increasing physical activity in
preventive medicine. Besides direct “point-of-decision” prompts to encourage physical
activity they describe approaches such as behavioral and social interventions, individ-
ually adapted health behavior change, and environmental and policy interventions.
The review summarizes the actual effectiveness of these approaches but also high-
lights the complex dependencies among various information interventions. Multiple
sources of information need to come together effectively to create positive changes and
this is what we are trying to achieve with our system.

Along the lines of Mamykina et al. [2008], we sought to support reflection on per-
sonal data, and through this reflection our users could be better prepared to make
lasting changes to their behavior. However, as Mamykina’s study showed, individuals
are often not comfortable with analyzing their own data. They want physicians or other
professionals to reach the conclusions for them. We saw the text-based observations in
our system as a good middle ground for reflection that did not require interpretation
of the raw data by the individual user.

3. PILOT SYSTEM

To start exploring the concept of personalized health mashups, we created a pilot sys-
tem that we fielded with ten participants to examine whether the system could produce
useful observations with the types of data that people can log about themselves. Fur-
ther, we wished to see if these observations could lead to behavior change. Findings
from this pilot study were then used in constructing the complete system that was tri-
aled with 60 participants for 90 days. The results of this larger study will be discussed
in Sections 5 and 6.

The pilot system consisted of a Mashup Server that interfaced with the contextual
and wellbeing data for each user from multiple data sources, performed a statistical
analysis across the data, and presented the user-specific observations as a natural
language feed to a mobile phone widget (as shown in Figure 1). This widget then linked
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[Food: How have you been eating today?

T %

Normal 5=More

Exercise: How have you been exercising today?

1=None 3=Normal 5=More

A5
Phone People b Text Camera

Fig. 1. The pilot system provided mashups observations in a widget on the homescreen as well as on a
mobile website. Manual logging of food and exercise was accomplished via another widget, which opened
the logging screen on the right.

Table I. Data Streams that Were Used in the Pilot Study and the
Full Study

| Pilot Study | Full Study

Automatically Sensed

Location (City-level) X X

Weather X

Calendar Free/Busy Hours X X
Sensor Inputs

Step Count (Fitbit) X X

Sleep (Fitbit) X X

Weight (Withings scale) X X
Manually Logged

Food X X

Exercise X

Mood X

Pain X

to additional graphs and data that users could explore to dig deeper into the details of
their wellbeing.

We collected data from several sources as shown in Table 1. Data sources connect to
the open APIs of each commercial sensor and use custom REST APIs for data coming
from our own context logging software on the phone. Data from the phone included
automatically capturing hours “busy” per day from the calendar, location at a city level,
and manual logging of daily food intake and exercise.

Each night, we performed a statistical analysis of the data for each user and up-
dated the feed of significant observations per user. The feed could include observa-
tions across data types such as “On days when you sleep more, you get more exercise”
or observations from a particular sensor over time: “You walk significantly more on
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Fridays.” For the first type of correlation, we surfaced significant observations based
on statistically significant Pearson correlations between sensors (p < 0.05). For the
deviations, we surfaced differences greater than a standard deviation from the mean.
For day-of-week differences, we performed a t-test and displayed significant results
(p < 0.05) in the feed. We performed the analysis based on different time scales: daily,
weekly, monthly and by day of the week. As such, it could include observations such as
“Last week, you slept significantly less than usual.” Additional technical detail on the
statistical methods used can be found in Tollmar et al. [2012].

While Pearson correlations are relatively simple, we believed that they would be
an understandable and meaningful measure of how aspects of a person’s life were
related. Along with the deviations between days and for individual days, they also
could easily translate into a natural language sentence. Other statistical methods, for
example, the intra-day modeling in Albers et al. [2010], could certainly be applied,
however we wanted to start with simple techniques that had the highest chances of
being understood in natural language. By performing our analysis over weeks and
months, in addition to daily, we were able to find some effects that had some delay,
such as weeks with higher step counts leading to weight loss for some participants
where this effect would not be visible on a daily basis.

Data from the feed was presented in a widget on each user’s phone. Only statistically
significant observations were displayed in the mobile widget and all items contained
a plain text confidence (e.g., “possibly,” “very likely,” etc.) based on the corresponding
p-value. The content on this widget was updated each evening after the server com-
puted the newly significant observations. The widget can be seen in on the bottom-left
in Figure 1.

Clicking on a feed item in the widget launched our mobile website on which users
could view a graph detailing that particular item. From this mobile website, users
could also navigate to other graphs such as a day-by-day weight graph, average step
count by day of week, other correlations to elements of their context, or to other
streams of wellbeing data. If desired, more technical users could spend time exploring
these graphs in order to better understand the data behind the observations. Addition-
ally, users could mark observations to reflect on later in a favorites list accessible from
the mobile website.

Beyond the mobile website, users could visit the website from their computers, where
a larger view of the feed was visible and it was a bit easier to navigate between graphs
and data from different sensors.

On the phone, we developed a simple application for reporting general food and exer-
cise behaviors for the day as shown on the right in Figure 1. Users were presented with
a 5-star scale and asked to rate their food intake and exercise for the day. We suggested
that participants log this activity at the end of each day as a way to reflect on the day’s
behavior. While we are aware of the problems with users often not supplying regular
and sustained data with manual logging [Burke et al. 2008; Patrick et al. 2009], we
felt that these components were important to provide for users who were motivated to
log and understand these elements of their lives and that the simple, 2-click logging
would be a smaller burden than in the previous studies.

The system was intended to be used daily, where users step on a scale, wear the
Fitbit, have their phones upload contextual data in the background, and log food and
exercise habits each evening. These are all fairly low-effort activities that we hoped
could easily become a part of our participants’ daily lives. The mobile phone widget
allowed users to be frequently reminded of what is most significantly affecting aspects
of their wellbeing whenever they looked at their device. We speculated that this system
would then encourage positive behavior changes based on personal reflection on this
data, and designed a pilot study to investigate how this system would be used over
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time in the daily lives of participants in two major cities and to learn how the concept
could be improved for a larger study.

4. PILOT STUDY
4.1. Methods

We recruited ten diverse participants for a two-month field evaluation of the pilot sys-
tem in the summer of 2011. Four users lived in Chicago (from here on referred to as
C1-C4) and six were from Stockholm (S1-S6). The Chicago participants were recruited
through a professional recruiting agency to reflect a diversity of age, occupations (e.g.,
police officer, real estate agent, waitress, chemist, etc.), cultural backgrounds, and ed-
ucation. The Stockholm participants were recruited through extended social networks
of the research team and also included a variety of ages and occupations.

The study lasted for two months. We began the study with a semi-structured inter-
view in the participants’ homes. We explored their current wellbeing practices as well
as any goals they might have around their health or general wellness. We helped the
participants set up the Wi-Fi scale and Fitbit devices and instructed them on their use.
Participants also completed a demographic survey.

For the first four weeks of the study, participants used the scale and Fitbit in their
daily lives and could use the websites provided by the device manufacturers to follow
their progress. However, they did not have our mobile application installed or access
to the observation feed generated by the Mashup server. We did this in order to get an
understanding of what people can infer from the existing solutions without seeing the
mashed up wellbeing data as well as to get a few weeks of background data from which
to create initial observations for our feed in the second part of the trial. During these
first four weeks, participants were instructed to call a voicemail system or send an
email whenever they had an insight about their own wellbeing. We were interested if
they would make any insights that involved multiple sensors or patterns over specific
days of the week, but did not inform participants of this fact, or what the mobile app
in the second month would entail. We saw this first month as our “control” as we could
see how participants would use existing tools in their daily life and what they could
infer from the data presented in these services.

After the first month, we met with the participants again in their homes and asked
follow-up questions based on their voicemail messages and any additional insights
they were able to make. At this time, we installed our mobile widget/app on their
phones and demonstrated its use. We also installed the contextual logging services
including calendar free/busy data upload, city-level location sensing, and the manual
food/exercise logging widget. Participants had the ability to turn off the background
contextual logging at any time and some participants did not provide data for all con-
text attributes (e.g., if they did not have their Android calendar populated). For the
final four weeks of the study, participants were free to continue using the websites
from the individual sensors but also had access to our widget, mobile website, and full
website to further explore the connections between the different aspects of their well-
being. They were also instructed to continue to call into the voicemail system or send
an e-mail whenever they had a new insight about their wellbeing. Participants were
told to use the system as if they just downloaded the app from the market and that no
compensation would be tied to their use (or non-use) of the system.

At the end of the second month, we conducted final interviews (over the phone in
Chicago and in-person in Stockholm) reviewing insights that participants were able to
make and general comments on the system itself. Participants were able to keep the
scale and Fitbit as a thank you for participating in the study and were able to keep the
widget on their phone if they wanted. Most participants chose to keep the widget.
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In addition to the qualitative data from the interviews, voicemails and e-mails, we
logged accesses to the website (both desktop and mobile) to better understand the use
of the graphs and feeds of significant observations. In addition, we also have a log of
all data uploaded from the sensors themselves including weight, steps per day, hours
sleeping, times awoken during the night, city-level location per day, calendar free/busy
data per day, and any manually logged food and exercise data. Unfortunately, as the
widget was on the home screen of the device, we have no way of knowing how many
times each user looked at the widget if they did not click through to the mobile website
for additional information.

After the study, all qualitative data was analyzed using a grounded theory based
affinity. The items of analysis represented exact quotes from users (or English transla-
tions for Swedish participants) with groups and themes formed based on these direct
statements. All themes discussed here have support from multiple study participants.
Quantitative data from usage logs and the demographic survey were also analyzed
using statistical tools and will be discussed in more detail here.

4.2. Findings

4.2.1. Use of the System. From the website logs and initial survey data, we performed
a quantitative analysis to better understand the use of the system. There was a signif-
icant difference in the amount of use of the website between the two countries. Over
the second month, when they had access to the application, participants in Sweden ac-
cessed an average of 70 pages while participants in Chicago only accessed an average
of only 10 pages (¢(8) = 3.0, p < 0.03). Participants in Sweden also walked more than
twice as much each day compared to participants in Chicago (10792 steps vs. 5147
steps, t(8) = 3.5, p < 0.01).

Other wellbeing data did not differ significantly between the two locations. Starting
weight, total weight lost/gained, variance in daily weights, and variance in weekly step
counts did not significantly differ between the locations.

Eight of the 10 participants lost some amount of weight during the study, averaging
1.6 kg. There were no significant differences by country, gender, or starting weight.
This data is interesting because the Chicago and Stockholm groups used the website
quite differently but had similar outcomes in terms of weight loss. If we had more
complete step count and sleep data (see 4.2.3), it would also be interesting to analyze
improvements in these aspects of wellness across cities.

Overall, the use was less than expected, especially the frequency of manual logging
as described in 4.2.3. Therefore, we began to develop ways to improve user engagement
with the system so that the quality of the observations could be increased. These ideas
will be presented as design recommendations in the following sections and the final
implementation of these recommendations will be discussed in Section 5 on the full
system.

4.2.2. Learning from Observations. Despite the limited data that was provided to create
the observations, participants found certain entries in their feeds to be interesting and
they were able to learn more about themselves through the widget and mobile website.
User S5 was able to piece together two observations that told her that when she eats
more she sleeps more but also that when she sleeps more she exercises more. Thus,
for her, eating more (i.e., enough) could lead to healthier sleep and thus a desire to be
more active the next day and feel better overall. She found this quite interesting.

The day of the week observations were also quite useful to better understand trends
over time. Participant C1 understood a feed item that told her that she tends to gain
weight on Mondays: “It’s absolutely true! Cause on the weekends, like last Sunday,
I went to my mom’s house and she made blackberry cobbler and I ate some of it.”
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C2 liked that the correlations were made explicit in the daily feed: “Like if you eat too
much or booze too much your weight is going to go up. But it’s one thing to know it and
another to actually see the results of what you did.”

Many individual correlations made sense to users such as C3 who said: “I eat less on
days when I walk more, which I think is interesting. I think it means that just when
I'm more active I tend to eat less and I think it’s probably accurate because when I
eat more it’s probably because I'm bored or snacking.” She mentioned this correlation
several other times during the study and it was clear to us that this was something
she reflected on periodically, likely due to it appearing as a significant correlation for
much of the study.

These insights from the observations came in contrast to insights reported during
the first half of the study when participants did not have the mashup data available.
Before getting the widget, participants had insights about particular entries (e.g., a
lower step count than expected on a certain day) or about the time series of one sensor
(e.g., not losing weight as quickly as they had hoped they would). However, no partici-
pants had insights across sensors, days of the week over time, or with other aspects of
their context, such as the ones enabled by the system in the second half of the study.
Therefore, we see the system as a success in providing new and deeper ways for people
to understand themselves and what contributes to their wellbeing.

The “scientific” nature of the system also appealed to participants. C1 liked that the
system is “very truthful. It doesn’t hide or anything like that. ... It makes me know
that I'm not reaching it and that I need to be doing physical activity.” S2 also liked the
“objective data” and having “metrics” about his wellbeing. Overall, most participants
found interesting correlations and enjoyed this new way to learn more about their own
wellbeing and appreciated the easy-to-understand, natural language presentation. We
saw this as quite positive for the concept overall, if we could address the large issues
of engagement in the next iteration.

4.2.3. Lack of Data Richness. In order for the system to operate well and provide accu-
rate observations to our users, it is necessary to have as much data as possible from
multiple inputs on the same day. We then need examples of good, bad, and average
days in order to find patterns. However, many of our study participants did not use the
devices with this regularity, especially the manual logging, making the overall feeds
less detailed and reliable.

This sparseness of data was shown for several sensors as shown in Figure 2. Par-
ticipants, especially those in Chicago, did not always wear their Fitbits all day and
sometimes just took them out for times of exercise. Across all participants, manual
logging did not occur frequently. Food and Exercise were logged on average only 5
times by each participant over the 30 days of the second half of the study. This is con-
sistent with previous work on self-logging [Burke et al. 2008; Patrick et al. 2009] and
a main focus of the design improvements for the full study would be on improving this
number.

At times, some participants forgot about the widget or the sensors. Most of these
problems were due to these users placing the widget on a secondary home screen that
was not often displayed due to the widget’s size and their already customized home
screen setups. Thus, they needed to swipe the screen to find the widget and it was
sometimes forgotten. As C2 said, “I'm never over on that screen. But if it was smaller
then it could be on the main page or the next main page.” One way to deal with this
issue could have been to build a smaller widget with fewer observations that could
more easily fit with the other content on the main screen.

Because of the lack of data provided, we often could not calculate specific correlations
for users as only a small handful of days had readings from particular combinations of
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Fig. 2. Average number of data points recorded for each sensor in the pilot study. The study lasted approxi-
mately 60 days (with Food, Exercise, and Location logging only the final 30 days). Note that some users took
their weight or recorded sleep multiple times per day. Manually-entered streams of food and exercise were
not frequently logged, and this would become a focus for our design iteration.

sensors. We realized that in order to have a system that produced meaningful results,
we would need to have a way to engage users to provide more data over time.

4.2.4. Contradictory Information. Because of the lack of consistent use of each of the sen-
sors, at times the system provided contradictory information over the course of a week.
A correlation that might have been positive one day could swing negative with a few
extreme data points on the other side in the following days. Our original goal was to
use the four weeks of data from the first half of the study to ensure that the historical
data would be more complete by the time of the second month. However, for several
participants some data was only present for a few days (e.g., sleep) or only on particu-
lar days of the week making daily correlations or deviations based on days of the week
quite variable with the addition of new data.

In his analysis of persuasive systems, Fogg [2003, p.127] warns that systems that
produce questionable data are likely not to be trusted and that their value in promot-
ing behavior change will be reduced. Several of our users noticed contradicting feed
items over time and it led some not to trust the system and the observations in their
feeds. C3 told us that in the feed “you’ll have three things there and maybe two of
the three things contradict each other like in my mind. So it seems like because it’s
so vague it sounds like it all contradicts each other but maybe if it were a little more
in the weekly correlation or something like on Mondays, this has been the case on ev-
ery Monday for the last four weeks, that just makes more sense to me than randomly
asserting that in general I'm eating more when I walk more.” Having more specific de-
tails than the “vague” correlations was a common theme from our users. We had hoped
that the graphs would have provided this additional data, but few users explored them
in detail when encountering a feed item that they did not understand perhaps due to
a general lack of graph literacy as noted by Galesic and Garcia-Retamero [2011].

S2 found that “information is repeating [in the feed] and I don’t really understand
how all the information is collected and how the correlations are computed.” For some,
this lack of understanding led to a lack of trust in the data. That observations of-
ten repeated on a daily basis discouraged frequent use because most of the same
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observations remained significant from day to day. Many participants reported want-
ing something “new.”

4.2.4.1. Design Recommendation: Need for Reminders. Some participants suggested us-
ing the mobile phone notification system to alert users when new observations were
available. C2 pointed out, “With the Android you get little notifications up top when
you get something new like a new voicemail or text. Maybe something like that if
there’s a new correlation.” C4 agreed: “The notification bar would work also. I think
that would be good too. Something visual that would just be a reminder that you
would see.”

Other participants needed reminders for using the sensors. C4 said, “I've noticed
that when I get text messages for reminders for doing things like I'll always do it. So
if I was to get like a text message on a daily basis ... in the morning saying hey, go on
your scale or did you put your pedometer on, I think that would be extremely helpful.”
Our participants have clearly demonstrated the need for reminders and Fogg’s early
work using text messaging as triggers for health reminders [Fogg and Allen 2009]
should be applied even when there is a widget and application present with deeper
interactions.

Our system required motivated users who were interested in digging deeper into
data about their wellbeing. But our participants needed extra encouragement and in-
cluding reminders could have dramatically changed the ways that they engaged with
the system on a daily basis. This observation is in line with the Behavior Model from
B.J. Fogg where changing a behavior requires the motivation, the ability or knowledge
to change, and triggers to remind the user about it [Fogg 2003]. While our users were
motivated to improve their wellbeing and knew how to do it (more activity, eating less,
etc.), we were hoping that our observations would be this trigger. However, they proved
to be too passive especially when the items were on secondary home screens and users
were lacking the explicit triggers they needed to engage with the service.

By adding reminders to improve logging frequency, we hoped to improve the data
quality in the system so that contradicting observations would become much rarer in
the full study.

5. FULL SYSTEM

Based on our experiences with the pilot study, we made several enhancements to the
system for the larger study. The two primary weaknesses in the pilot were the infre-
quent use of manual logging and the contradictory nature of some of the observations
over time as new data points were added. We hoped that by making changes to the sys-
tem we could increase engagement, and thus the quality of the data and observations
that were presented to users.

The first major change included adding reminders, in the form of status bar notifica-
tions on the phone. The first time that the Mashups application was opened users were
presented with a list of the data that they could manually log (e.g., Food, Mood, Pain)
and were able to set reminders that would appear each day at the same time. These
times could be modified later by going into the application’s settings screen. When the
time of a reminder came due, a notification was silently placed into the status bar on
the phone. We did not want the system to be interrupting, so no sound or vibration was
used. However, the status light on the phone would blink to catch the user’s attention
on the next occasion that they had time to interact with the phone. We hoped that this
would be enough to catch users’ attention and encourage them to log each day when
they might have otherwise forgotten. This was confirmed by the data as discussed in
Section 7. We also included status bar notifications that appeared whenever a new
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Fig. 3. The mobile application for the main study. (3A) The user selects types of data to collect and sets the
time for the reminder to appear in the status bar. (3B) Receiving a reminder notification for food logging,
(3C) Clicking on the notification led to the simple food-logging screen in the middle. (3D) The observations
could be reviewed at anytime but the system also added a reminder when a new observation has been found,
below the observations is a list of each sensor with sparklines used to see recent changes. (3E) Clicking on
a sensor will bring more details regarding this particular input, in this case the mood trend and related
observations.

observation was found for a user. These notifications led straight to the observations
list when clicked.

The second change involved the addition of new data streams to the system to better
reflect aspects of context and wellbeing that would be most important to users based
on the pilot study and based on discussions with medical and insurance professionals.
We added the ability to manually log Mood and Pain as well as added Weather data as
an additional contextual sensor based on the current city-level location. This brought
the total number of data streams to nine as shown in Table I. The Fitbit and WiThings
scale could automatically upload step count, weight, and sleep data. The phone au-
tomatically captured location, weather, and calendar free/busy data. And users could
manually log Food, Mood, and Pain each day.

Logging mood consisted of four 7-point sliders corresponding to standard measures
of mood: happy/sad, tired/awake, unwell/well, and tense/relaxed. Logging food con-
sisted of three 7-point sliders of eating a little/a lot, healthy/unhealthy, and eating
mostly at home/mostly out. These measures were created to be very quick to log in just
a second or two, while still capturing a variety of the aspects of eating that could be
influenced in various ways by one’s context.

We also wanted to make it easier for users to access all observations about a par-
ticular sensor, so that they could better understand what was affecting each specific
area of their life. Participants in the pilot often had specific goals for behavior change
and we wanted to support someone easily understanding what affected their sleep or
weight without having to wade through other observations that were unrelated. The
updated application provided a list of each sensor, a sparkline for the recent changes
in that sensor’s value, and the date it was last logged with the corresponding value as
shown in Figure 3. Clicking on a sensor item allowed the user to see all observations
related to that sensor as well as a bigger graph of that sensor’s recent values.

5.1. Study Method

Sixty diverse participants were recruited using a professional recruiting agency to use
the system in their daily lives for 90 days. Participants represented a diverse array of
ages, occupations, education levels, and general wellbeing. Twenty participants lived
in Chicago or surrounding suburbs while 40 were from the Atlanta region. We wanted
a broad set of participants in order to understand how awareness of one’s wellbeing
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Fig. 4. The web interface that was shown to users at the end of the study. It provided a clearer aggregation
of the observations than the more constrained interface on the mobile device.

could be useful for a variety of needs and with varying technical literacy. Some partic-
ipants lived in subsidized housing while others lived in large suburban homes. Some
had very low education levels while others had advanced degrees in scientific fields.
Some were up to 150 pounds (68 kg) overweight while others were at ideal weights or
even underweight. Importantly, for comparison with the pilot study, we used the same
recruiting agency and screener for the full study.

Researchers met with participants in their homes at the start of the study and set
up the WiThings scale and Fitbit as well as installed the Mashups application onto the
participants’ primary phones. Participants were also given an initial questionnaire
about their wellbeing and goals to complete. The final instructions to the participants
(as in the pilot) included the request that they were to use this application like any
other application they had downloaded from the market and that use was not required
to participate in the study.

After 21 days, participants were sent a link to another online questionnaire. This
covered open-ended questions relating to their use of the application, observations
that they have found to be useful or useless, and any behavior changes they might
have made based on what they observed in the application. In addition, they completed
the WHO-5 wellbeing [WHO 2011] questionnaire that was also included in the initial
survey.

After 90 days, a final questionnaire link was distributed with similar questions to
the 21-day survey. Additionally, participants were sent a link to a web dashboard view
of the observations that aggregated findings in an easier-to-read way (see Figure 4).
A final semi-structured interview was conducted to elaborate on statements from the
final questionnaire and to ask additional questions about the web dashboard.
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Participants who completed the study (completed the 3-week and 3-month question-
naires and final phone interview) could keep the Fitbit and WiThings scale. Partici-
pants were also compensated with small gift checks to retail stores for submitting the
questionnaires. No compensation was tied to the use of the system, and this was made
clear to all participants.

In addition to the mostly qualitative data from the questionnaires and interviews,
the mobile application was instrumented to collect usage data of each screen view in
the application and this was reported to our server. Therefore, we were able to track
when users were viewing their observations, manually logging, or viewing more com-
plex features of the application such as the graphs or sensor-specific views. Quantita-
tive analysis was performed to identify differences in use or wellbeing outcome based
on age, gender, city, educational level, and other attributes. All qualitative data was
combined into a large 1800+ note affinity to identify themes across participants. Both
the quantitative and qualitative findings will be discussed in detail in the next section.

6. FINDINGS

In contrast to the pilot, our participants demonstrated strong sustained engagement
with the service. They consistently logged food and mood at much higher rates than
in the pilot study, mainly due to the reminders that appeared on the phone. Due to
this added data, the system was able to make more accurate and less contradictory
observations and participants were able to both gain a better understanding about
their wellbeing as well as make significant targeted behavior changes based on the
observations that the system made.

6.1. Sustained Use

Our participants showed a much greater engagement with the system than was ob-
served in our pilot study. This engagement covered all aspects of the system and did
not show significant decline throughout the 90 days of the study, as shown in Figure 5.
The dramatic increase in logging was the key to continuing engagement with the rest
of the system, and the reminders likely contributed to this increase. Overall use can
be seen in Figure 6 where each column represents a user and each dash represents an
interaction with the application. It can be seen that most users that persisted beyond
the first two weeks used the system quite regularly for the remainder of the 90 days.
This is quite encouraging as other self-logging systems often see a sharp decline in use
after 10-14 days [Burke et al. 2008; Patrick et al. 2009].

Use was consistent with regards to all demographics of our participants. There
were no statistical differences in use between men and women, people in Atlanta and
Chicago, by education level, or by age. This is quite encouraging as all ages and demo-
graphics were similarly engaged at very high levels, indicating that the presentation
of these complex statistical relationships in natural language is a useful and under-
standable way to present wellbeing data to a broad range of people.

In our pilot study, the manual food logging was rarely used. In the first week, a few
users tried it out, but after day seven, no more than two out of ten users logged food
on the same day. After day 12, only one user sporadically logged food for the rest of the
month as shown in Figure 7. This left us with an overall food logging rate of 12%.

This contrasts with the larger study with reminders enabled where 63% of users
logged food each day in the first month. This percentage stayed consistent through-
out the month, showing the power of simple reminders to promote sustained logging.
Logging behavior was sustained beyond the first month as well with numbers between
50-70% each day during the second and third months of the trial. The average logging
frequency for each data type can be seen in Figure 8.
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Fig. 5. Usage of each feature of the mobile application over time, and overall. In the top figure, each user is
a column and time runs down from day 0 to day 90 in each section for a feature of the system. The bottom
figure shows the raw count of our users’ interactions with each feature during the 90 days of the study.

Our users reported liking the reminders as they recognized how easy it would be to
forget to log. A28 stated that the best feature of the app was: “the reminder feature
because half the time I forget to login my information.” Also, A37 told us, “I like that
it reminds me to add info in my notification bar. I would surely forget otherwise.” C10
agrees: “The online reminders are awesome, makes it so much easier to keep track
of stuff because I can get absentminded and lose track of what to do. The questions
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Fig. 6. Use over time for each user. Each column represents a user and each dash is an interaction with the
mobile application. Time follows from the top down for 90 days. The bottom graph shows the range in total
number of screen views within the application across participants over the study period.
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Fig. 7. The rate of food logging behavior per day increased by more than 5x in the full study (with
reminders).

are easy to answer and make for a quick Q and A.” This brings up the important
point that the action required to enter data after clicking on the reminder should be
as quick as possible. In our case, just a few 7-point scales, in comparison to other food-
logging solutions that require complex logging of every food item eaten that can take
ten minutes or more per day.

C20 spoke of the power of logging to increase reflection each day. “I like that it asks
me to log my food and my mood daily. It makes me more conscious of how I'm feeling
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Fig. 8. Frequency of logging each data type in the system over the 90 days of the trial. Sleep and pain
were the least logged, due to the cumbersome nature of using the FitBit to log sleep as well as the fact that
most participants did not have recurring pain. The automatic context streams of Calendar, Location, and
Weather were quite bimodal with many participants not using these sensors at all, and others who kept
them on daily. Overall, engagement is much higher than what was observed in the pilot system (Figure 2).

as well as what I’'m eating throughout the day.” The more often someone logs, the more
opportunities for reflection they get.

The reminders also encouraged our users to interact with the observations that were
created about their overall wellbeing by clicking on the notification to see newly sig-
nificant observations. Viewing the full list of observations increased significantly from
the pilot to the main study with this feature added.

Many participants commented that the Mashups application became a part of their
daily routine. User 4 from Chicago told us, “I learned that this is an app that is use-
ful enough for me to use on a daily basis like Facebook. Most apps on my phone I
don’t use on a daily basis.” User 16 from Chicago had previously been in a health
study from Northwestern where she was recording detailed food and health informa-
tion into a smartphone. She described how time consuming this was and how quick it
was to interact with the Mashups system each day. She noted that Health Mashups
was much “easier to stick with.” She also appreciated viewing the long-term trends in
the Mashups system and this kept her coming back week after week to learn more
about herself.

Overall, the notifications in the system served to continually engage users and re-
mind them to enter data into the system. This data then provided more accurate obser-
vations and the notifications about new observations brought users back to the system
yet again. This increased interaction greatly improved both the amount and quality of
data in the system as discussed in Section 6.2.

6.2. Quality of Observations

The increased logging not only allowed the users to reflect more on their own, but
provided better data to the analysis engine and thus more accurate observations were
presented to users, combating the problem of contradictory information seen in the
pilot. The more days that have data points from multiple data streams for a given user,
the more accurate correlations across sensor streams we can provide. For example, in
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Table II. 25th Percentile, Median, and 75th Percentile of Data Points per User Between Sensors. These
Numbers Represent the Number of Days When a User Logged Both the Sensor from the Row and Column of
Each Entry on the Same Day, Thus Creating a Data Point for the Correlation

Food Mood Pain Steps | Weight | Sleep | Calendar | Location
Mood 26/48/70

Pain 0/6/21 0/6/22

Steps 11/30/64 | 11/36/73 | 0/2/21

Weight 4/18/37 3/18/39 0//1/9 | 6/18/43

Sleep 1/7/34 1/9/33 0/0/6 | 1/16/49 0/5/17

Calendar | 0/24/51 0/22/56 | 0/0/14 | 0/22/73 0/6/23 0/1/24
Location 2/30/58 1/34/65 | 0/0/13 | 0/36/62 | 0/13/32 | 0/4/27 0/33/64
Weather 2/30/56 1/31/64 | 0/0/13 | 0/36/61 | 0/12/31 | 0/4/26 0/17/62 15/66/77

the month of our pilot study, users averaged only a single day that had both Food
and Weight logged, while in the full study participants averaged 9 such days in the
first month and 21.3 over the full 90 days. For the Steps and Food combination, users
averaged 2.6 days in the pilot study, 14.8 days in the first month of the full study, and
37.9 days in the full three months. Full results can be seen in Table II. This increased
amount of data lead directly to the ability to perform a better statistical analysis and
find significant correlations between the data streams. This was not something that
could be reliably calculated between the manually logged sensors in the pilot study
and the reminders were the driving force to encourage this additional logging.

We also were interested in exploring how unique the significant observations would
be across participants. When we began this work, our hypothesis was that the ways
in which context influences wellbeing would be highly individually different. We as-
sumed that some people might walk farther on warm days while others might walk
less. Or some people might have less pain when they walk more while others might
have more. In order to see if this was the case, we analyzed all 450 statistically sig-
nificant sensor-to-sensor correlations for the 60 participants in our study. These obser-
vations were quite stable over time with an average duration of 22 consecutive days
where an observation was statistically significant. This is quite encouraging, as once
an observation crosses the threshold of significance, it typically remains that way for
some as new data is added. Even if a user tries to target that behavior for change (e.g.,
deciding to walk more on hotter days after the system informed them that they did not
walk as much on these days), it should take several weeks for this to lose its statistical
significance given the need for a good number of new data points to be added to weaken
the strong correlation. This is supported by the 22-day average duration of the obser-
vations. Future work can explore ways to visually demonstrate how behavior changes
are weakening correlations over time or ways to develop goals to “remove” particular
correlations that are negative to one’s wellbeing.

In order to better understand the types of correlations that were most common
across our user population, we looked at the correlation coefficients for each combi-
nation of sensors in each significant correlation that existed. The results can be seen
in Figure 9. It is interesting to note that nearly all pairs of sensors had both positive
and negative correlations for different participants. This confirmed our hypothesis that
the interactions between wellbeing and context are specific to individuals. In fact, the
only correlation that was universally positively correlated was the correlation between
amount of food eaten and mood. The vast majority of differing correlation directions
validates the premise of the system, that is, individuals need to capture their own well-
being data and context to learn about the specific ways that their wellbeing is impacted
by the activities in their lives. No simple set of universal guidelines exists.
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Fig. 9. The multi-sensor correlations that were found to be significant after 90 days plotted against their
correlation coefficients. Every pair of sensors (except for amount of food and mood) that produced significant
results has both positive and negative correlations. Each band is a specific observation for a user in the
study. The darkness of the band represents the p-value for the correlation (light = 0.05, dark < 0.01).

6.3. Increased Self-Understanding

Through viewing the observations that were displayed in the system, our participants
were able to gain a deeper understanding of their wellbeing and the aspects that af-
fected areas of their lives as diverse as mood, sleep, food intake, daily step count, and
weight. Participants could see relationships that they had not expected and became a
bit more introspective about their own wellbeing.

A8 broadened her view of particular health issues such as weight loss: “It made me
realize that I need to stop looking at health issues as one entity.” A26 learned “that
everything is related. Mood, food, weather...all those elements are a factor in my well
being.”

Participants were able to learn their true activity and sleep patterns from the data
on the sensors themselves and view trendlines that were displayed in the system over
time. On top of this, they learned correlations based on actual data that represented
measured fact instead of just their pre-existing hunches and speculation about how
various aspects of wellbeing and context were related. For some, these observations
served to confirm suspicions that they had, while others learned totally new insights
about their wellbeing. A20 told us, “I do find [the observations] useful because it re-
minds me what my workout habits and eating habits really are like instead of me
guessing. Takes a lot of guesswork out and actually makes me reflect on my day.” A34
“didn’t know that I was not as active as I thought I was. On the days when I didn’t run
or walk I realized that I didn’t even cover a mile a day and was horrified!”

Specific observations helped to teach participants new patterns about their lives
beyond just the sensor readings. C18 found that he consistently was less active on
a certain day of the week. A37 learned something that was opposite to her expecta-
tions. She was surprised that for her, walking more in a day reduced her recurring
pain. She thought it would be the other way around and previously was reducing
her activity. “The info on when I walk more I'm in less pain really helped with my
back. Made me realize I should exercise more and it dramatically helps with my pain
levels.”
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Some observations showed specific new connections between areas of participants’
lives that they did not know were related. A8 saw that she was happier on days when
she ate more. She described that to us as “one of the most mind blowing things” be-
cause she “had never really associated both so closely or paid attention to them before.”
Likewise, C13 was trying to lose weight and discovered that weight loss significantly
impacted her mood. A2 learned more about the importance of sleep in her life. “I was
able to see that on the days I slept less I was less happy and less motivated.” This
made her realize that “I need sleep in order to function and live a healthier life.”

As a result of using the system, participants walked away with a lasting understand-
ing of the factors that impact various aspects of their wellbeing. C16 now “consider|[s]
all components which affect my overall health much more.” C17 told us that “It’s in-
teresting to see how things correlate. And it makes you reflect on your day and be
aware of what you’ve been doing and feeling.” Several other users spoke of the way
that the system changed their focus to the long-term trends instead of the day-to-day
fluctuations in specific sensors. A24 told us, “I love the observations. It helps me to un-
derstand myself from a birdseye view.” A42 talked about observations “making sense”
to her and that “having quantifiable data to confirm was awesome.”

The increased self-understanding that people gained throughout the 90 days of the
trial greatly improved their ability to see how diverse aspects of their wellbeing were
related and the effects of context over time on their eating, weight loss, mood, or sleep-
ing patterns. However, understanding is only the first step. Applying what was learned
to make changes to patterns in daily life is the ultimate goal and many of our partici-
pants were able to make this leap.

6.4. Behavior Change

Beyond just increasing self-awareness, the observations allowed people to focus on
specific behaviors to change in their daily lives. These types of change included focus-
ing on a specific day of the week where their performance in some area was lacking,
or focusing on a specific contextual aspect that impacted a particular area of their
wellbeing.

The most basic area of focus occurred around specific days of the week. Oftentimes,
participants would receive an observation that they walked less or ate more on a par-
ticular day of the week and in subsequent weeks they focused on being a bit more
vigilant about this aspect of their wellbeing on that day of the week. A29 noticed that
on Mondays he gets the least amount of exercise. That made him more conscious that
he should get out and exercise more on the following Monday. C20 told us that “looking
at the summary showed me that I am happier, but eating more on the weekends and
therefore weighing more come Monday morning. This showed me that if I really want
to lose weight, I need to be focusing on my eating habits on the weekends.” By focusing
on eating less or walking more on specific days, making changes to behavior became
specific and actionable.

Other focus areas were chosen based on correlations that appeared between two
sensor streams. C2 noticed several observations related to activity and sleep. She saw
that she slept better on days when she walked more and then started looking in her
calendar to see what she was doing on the days when she did not walk as much. This
prompted her to reschedule her activities so that she could be consistently more active
and thus be able to sleep better. A30 was also concerned about sleep: “I learned that I
should walk more and eat lighter meals to avoid sleeping longer.” A24 saw the obser-
vation that “I am happier when I walk more and I am less tired.” To her, “this was a
great reminder that sacrificing sleep and exercise will not help anything I am trying to
do or accomplish.” Because a specific correlated aspect of a user’s context or wellbeing
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was made explicit in the observations in these cases, it was easy for participants to
focus on these aspects to improve their wellbeing in the areas that mattered to them.

Another area that many participants focused on was increasing activity in general,
and they could use the historical data presented in the system to monitor overall
trends. Several participants spoke of walking more so that they could achieve their
10,000 steps per day goal or trying to get their weight below a certain level. The mix
of showing the statistical observations as well as the current value and trendline for
each of the data streams helped people to easily make these changes.

Overall, the system provided a way to focus on specific behaviors in specific contexts
that could benefit from change. Instead of just generally trying to “eat better,” “walk
more,” or “lose weight,” our participants could make specific focused changes to the
aspects of their life that most impacted the behavior that they wanted to change. C19
summed this up: “I am a grad student who is overwhelmed and [the observations]
helped to reflect on my life. They allowed me to take inventory and think about what I
should change.”

6.5. “Obvious” Observations

Overall, our participants were able to integrate the Health Mashups system into their
lives and make many positive changes to improve their wellbeing. However, we also
received many valuable comments on how some observations were not as useful as
others. While most participants were able to apply the observations to create positive
changes, others like C3 noted in the 3-week interview: "Does it really matter that I
walk more on Tuesdays? Or that I eat more when I sleep less. Maybe as I use it more,
it will make sense. But right now it isn’t making a lot of sense for me.” This raises a
tension that some of our participants discussed between telling people what they al-
ready know and think is “obvious” versus providing observations that are educating
and perhaps a bit more prescriptive. Some users mentioned wanting a rephrasing such
as “Try to walk more on Tuesdays” that would give them specific goals instead of stat-
ing “the obvious” such as “You walk less on Tuesdays.” However, others appreciated
that the system is not “judging” and does not “tell you what to do.” Some participants
noted that the system was not capturing all of the important context surrounding their
behavior. CO1 discussed the lack of support in adding additional information: “[The
system] doesn’t really take into account any outside factors. Like something [that the
system doesn’t capture] happens and that’s why you're in a bad mood. ... It’s just de-
fined rules and if it doesn’t fall in that, then it doesn’t comply.” We will return to some
of these issues in the discussion.

6.6. Outcomes

At the end of the study, our participants had an increased understanding about how
their life context impacts their wellbeing and told us about many positive behavior
changes that they initiated based on the information provided in the system. While
we cannot quantify exactly how much of the behavior change was due to the presen-
tation of observations over just using the scale and fitbit, the fact that many users
experienced quite positive changes in wellbeing is promising.

Many of our participants had weight loss goals that they wanted to meet. Thirty-six
of the 60 users in the study lost weight, at an average of 5.3 pounds (2.3 kg) over the
course of the summer. Most other participants were already at a healthy weight and
did not have a significant increase or decrease in weight throughout the study period.
When asked about how they made these changes, participants reported focusing on
specific, easy-to-target observations and making changes to these aspects of their lives
as discussed in the Section 6.4.
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We also observed a large and significant improvement in mood throughout the 90
days of the study. Forty of the 60 participants showed significant positive changes in
mood, on average rising 29 percentage points on our sliding scale. From the qualitative
data, this seems to be in some part due to understanding the correlations between food,
sleep, activity, and mood over time and making changes that contributed to being in a
better mood. Improving mood through increased self-understanding is a rich area for
further exploration, as we currently do not fully understand all that might have led
to this significant increase over the 90 days. Seasonal changes in mood do exist (e.g.,
Kasper et al. [1989] and Howarth and Hoffman [1984]), and future work would need
to separate any seasonal change from changes due to the use of the system.

Along side these quantitative changes in weight and mood, we observed a significant
increase in WHO-5 wellbeing scores [WHO 2011] between the initial interview and
the 3-week interview (#(55) = 3.29, p < 0.003). These scores remained higher from the
3-week interview until the end of the study showing sustained improvements in well-
being from the beginning to the end of the 90-day study (£(50) = 1.97, p < 0.05). This
demonstrates the potential for systems that encourage reflection on holistic impacts
of context on various aspects of life to make a significant change to overall wellbeing,
again with future work utilizing control groups needed to understand the effect that
the generation of observations contributed to this increase.

7. DISCUSSION

We have shown how our users were able to build an awareness of certain contextual
wellbeing patterns in their lives and focus their change efforts based on this new
awareness. We have also shown how these effects are very personally unique, with
different participants having a different set of significant observations that were often
the opposite of those from other participants. This type of system can help people to
understand their own lives, similar to Li et al’s [2011] discussion of the “discovery”
phase. As Li states “personal informatics tools are not designed with a sufficient un-
derstanding of users’ self-reflection needs,” and we have shown how paying attention
to self-reflection as a main design goal can lead to a successful solution that allows
users to learn deep insights about how their context impacts a variety of aspects of
their wellbeing over the long term.

In their book “Nudge,” Thaler and Sunstein [2008] argue that with small modifi-
cations we can influence choices about health and wellbeing in ways that will make
us better off. They describe two different systems, the “Reflective System” and the
“Automatic System,” that help us making everyday choices. In particular, the reflec-
tive system might be influenced with an approach like ours. By helping users to notice
and reflect on observations about their lives, we have seen how they can be “nudged”
to make small, targeted changes that can quantitatively improve their wellbeing over
time (e.g., by lower weight, increased mood, or increased WHO-5 wellbeing scores). The
metaphor of a “nudge” is rather appropriate, as we are not telling people what to do or
stating what is good or bad, rather we simply point out what is statistically significant
about their lives and leave it to them to decide to make a change.

However, there is still an unsolved tension between telling people what they already
know and think is “obvious” versus providing observations that are educating and
reinforcing. Many of our participants saw some of the observations as obvious, such
as being happier on weekends or gaining weight on Saturdays. For them, this data
simply made sense with their lives, whether they had previously considered it or not.
Discovering how to best present this data in a way that makes clear and actionable
observations prominent is still an open question. While most of our participants even-
tually got beyond the “obviousness” of some observations and focused on ones that they
had not anticipated, in many cases it was the obvious observation that was previously
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unstated that was the most fertile area for change in one’s life. Future systems in
this domain should take this into account, perhaps by allowing users to permanently
hide observations that are too obvious, are uninteresting, or unrelated to current goals
or by adding additional information that users might not find to be so obvious. Here,
machine-learning approaches that have been used in recommendation systems (e.g.,
Adomavicius and Tuzhilin [2005]) might be useful to more efficiently filter and further
personalize the observations over time.

It is clear that a wide variety of contextual variables affect wellbeing and that cap-
turing as many as possible will give users the best and most relevant insights into
their own lives. We are still missing some aspects that users wanted to log such
as water/caffeine/alcohol intake or other activities such as cycling or swimming. As
Consolvo et al. [2006] state in their design guidelines, it is important to be able to
cover as many types of activity as possible. This is especially true when performing
statistical analysis on the data as missing activities such as swimming (when relying
on pedometer data for activity) will provide quite different views on daily activity level
and could skew correlations or day of week deviations if many of these types of work-
outs occur. Even with the lack of additional sensors or manual activity entry, we were
still able to make statistically meaningful observations that made sense to our users
and related to their daily lives. Thus, having every possible input is not critical. But
every user comes to the system looking for something different with unique wellbeing
goals, whether it is improving sleep quality, reducing pain, or trying to be more active
Each of these areas requires different types of sensing or logging to accurately capture
the appropriate activities or contextual variables that can affect it.

Overall, our participants were quite happy with the system and the observations
were able to provide new insights into their wellbeing that they were not able to make
on their own or with existing wellbeing monitoring tools such as the Fitbit or WiTh-
ings websites, as shown in the pilot study. These findings from the pilot led to us not
using an explicit control group for the larger study, as we saw the lack of depth in the
types of insights that the existing systems can give. We see the importance of bringing
Quantified Self-style logging and analysis to those without the statistical and analyt-
ical skills of many in the QS community and found that by providing observations as
natural language observations, all users were able to understand how various aspects
of their lives were interrelated, without the need to understand and interpret complex
graphs or understand statistical terminology.

8. CONCLUSION

We have shown how a system can aggregate multiple aspects of wellbeing data and
context for an individual over time and that the interactions between these are highly
individually different. By surfacing significant observations between the data streams,
our participants were able to become more aware of what impacted their mood, food in-
take, sleep patterns, and activity as well as create targeted behavior change strategies
based directly on the significant observations shown to them by the system.

Our pilot system showed that reminders and other notifications were necessary to
increase engagement to a point where enough data would be provided such that obser-
vations would be statistically significant and remain significant over time. The larger
study showed how our participants were able to use the observation data in their daily
lives to focus their change efforts and how the reminders provided the increased en-
gagement that was necessary for a variety of meaningful observations to be found.
Most importantly, once enough data was provided to the system, the observations that
were generated for our participants were easily understandable, even by users with a
wide range of education and technical exposure. They were able to understand complex
relationships in their wellbeing and perceive that their focused change efforts were
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successful based on these observations to improve their overall wellbeing. Achieving
high levels of engagement is critical for systems such as this one to gather enough data
to make meaningful observations and to encourage reflection on the statements that
the system makes. Increased engagement is especially important, as we have shown
that these interactions between wellbeing and context are highly variable between
individuals, necessitating a large amount of data to be calculated for each user.

We see the Health Mashups system as a first step towards exploring the rich per-
sonal connections between wellbeing and context over time. We expect this work to
open the door to future work that explores other contextual attributes as well as other
wellbeing measures. There is a large amount of future work in exploring the most rele-
vant sensors and contextual streams that will give people the most useful information
about what is affecting the aspects of wellbeing that they care about the most. And
there is additional work in more fully exploring changes to mood or other wellbeing
measures that systems like this can enable.

There is also room for research in the presentation of the significant observations.
We chose natural language as we wanted an output that could be understood by people
across education levels and graph literacy. This seems to have worked fairly well, but
sometimes provided results that participants found to be “obvious.” Learning which
observations to show and how to convey not only the attributes involved but also the
strength of the correlation or even trying to infer order in the presentation (e.g., the
night’s sleep came before the “happy” day, so we know that any causality cannot be
the opposite direction) could be interesting research topics. With more sensors and
contextual attributes comes longer lists of observations. Discovering ways to properly
sort or filter these lists based on the user’s interest will become critical to the wide de-
ployment of these types of services. Supporting explicit goal-setting/tracking or gam-
ification around removing “negative” observations over time are also possible future
directions for this line of work.

Systems such as Health Mashups show the power to increase awareness of overall
wellbeing and highlight specific and actionable areas for targeted behavior change.
We have shown how individually unique interactions between wellbeing and context
can be automatically discovered and how, with enough data provided, these observa-
tions can be easily understood and used to create positive, focused changes to improve
wellbeing. We hope that the findings and design inspiration from this work can open
research into new ways to build awareness about the contextual effects of wellbeing
over time and to encourage specific focused changes to improve wellbeing.
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