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ABSTRACT

The spreading of devices and applications allowing people to collect personal information opens new
opportunities for Personal Informatics. Although many of these tools are already effectively used by
motivated people to gain self-knowledge and produce change in their behaviors, there is a great number of
users that are potentially interested in Personal Informatics but do not know of its potentialities and
criticalities. In order to investigate how users perceive and use self-tracking tools in everyday life, we
conducted a diary study, requiring fourteen participants with no previous experience in Personal Informatics
to use a variety of trackers. We discovered that they use and perceive these technologies differently from the
ones experienced in self-tracking. Participants considered the act of collecting personal information
burdensome, with no beneficial reward. We also uncovered a series of problems that they experienced while
tracking, managing, visualizing, and using their data. Among them we found that the lack of suggestions on
using data and the excess of abstract visualization in the apps prevented users to gain useful insights. As a
result, their interest in self-tracking soon faded, despite their initial curiosity in exploring and “playing” with
their data. Starting from the findings of this study, we identified seven design strategies to better Personal
Informatics tools, supported by literature and examples that draw from different research fields, from tangible
interfaces, to virtual environments and video games. These strategies are primarily addressed to satisfy the
inexperienced users’ needs, but their applicability can be reasonably extended to all the individuals curious

and interested in Personal Informatics.
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1. INTRODUCTION

The new possibilities offered by technological advances in sensors and portable devices open new
opportunities for Personal Informatics (PI) systems, “those that help people collect personally relevant
information for the purpose of self-reflection and gaining self-knowledge” (Li et al., 2010). Nowadays, a large
variety of data can be gathered by means of ubiquitous and wearable technologies: from internal states (as
mood or glucose level in the blood) to performance values (as pace or kilometers run), from habits (as food,
sleep) to actions (as visited places). PI tools allow users to self~-monitor their behaviors in a variety of contexts

simplifying data collection, management and visualization.

Gathering personal data and reflecting on them has a long history. For medical and clinical purposes self-
monitoring systems were used for years under the guidance of therapists or physicians (Elliot et. al, 1996).
Nevertheless, other technologies for self-tracking, such as weight scales, shifted from the doctor’s office to
the home, from a form of specialist medical knowledge to a private habit and an everyday domestic discipline,
since the start of the 20th century (Crawford et al., 2015); while other instruments, like pedometers, were used
privately to meet fitness goals since their appearance on the commercial market in the middle of the last

century (Tudor-Locke and Bassett, 2004).

Personal Informatics systems gained popularity in the last years first among researchers and technology
enthusiasts, such as the members of the Quantified Self movement, which tracked their everyday behaviors
with the aim of raising their self-awareness (Marcengo and Rapp, 2013). Nowadays, we are assisting to their
diffusion at consumer level, widening the possibility of their widespread adoption and their integration in
everyday practices. On the one side, a plethora of wearable devices is entering the market: some predictions
indicate that wearable personal-tracking technologies will eclipse $70 Billion by 2024 (IdTechEx, 2014). On
the other side, the pervasiveness of self-tracking in modern smartphones foreshadows an era where Personal
Informatics will likely become ubiquitous, making personal data available with minimal burden, easing the

process of self-monitoring (Klansja & Pratt, 2012).

As long as personal data will be easily available to people, new users will likely become interested in Personal
Informatics. There is a huge user base made up of “potential users” that could find, in the near future, a
motivation in tracking, managing and visualizing their personal data. This enlarged user base can be

represented by healthy and health-conscious individuals, or unhealthy but who strive to be healthier, or



consumers of organic products and likely to exercise in spare time, young, educated and technology savvy,
sharing thus some of the characteristics that pertain to users that are currently showing interest in wearables
(Salah et al., 2014). However, market predictions highlight also that these peculiarities will soon no longer
describe the totality of self-trackers (Epstein et al., 2015). All those people that actually own a smartphone,
are sufficiently open to technology to try a new device or application, and show curiosity or interest in

understanding something about themselves could represent this new user base.

This nonetheless poses a double problem. First, these “new” potential users are unfamiliar with PI
technologies and may have a misperception of their limits and potentialities, by not knowing exactly what
kind of efforts they may require and benefits they may provide. It is probable that they are not inclined to
invest a huge amount of time for managing and understanding their data. These potential users also likely do
not have specific goals for tracking at the beginning of their experience with PI tools; however, they could
find their own objectives during the tracking activity, provided that these instruments could show them the

value of the collected data for their everyday life, by stimulating tacit desires or raising unexpressed needs.

Second, we believe that current PI tools are not yet designed with enough understanding of these users’ needs,
desires and problems that they may encounter. There exists a growing skepticism regarding these technologies
and their ability to provide concrete benefits (Hammond, 2014; Hunter, 2014), or inspire and sustain
individuals’ engagement in everyday life (Herz, 2014). A recent study reports that one third of the Americans

that purchased a self-monitoring tool abandoned it after 6 months of use (Ledger & McCaffrey, 2014).

For these reasons, it is essential to start to think about how we could design for making these technologies,
and the data gathered by them, interesting also for those users that could adopt them in the near future. To
understand whether these instruments can meet their expectations, or fail due to issues in their designs, we
conducted a diary study, requesting users with no previous experience in PI to use different PI applications
and devices during their daily practices. Up until now, some studies were conducted in order to discover how
PI tools are used, but they were mainly focused on individuals already familiar with such instruments (e.g.

Fritz at al. 2014, Li et al., 2010, Li et al., 2011).

With this work, instead, we want to provide the following contributions: i) to individuate barriers that people

with no experience with PI may find in tracking, managing, visualizing, and using personal data; ii) to



describe how they use and perceive current PI technologies, highlighting the differences with respect to

experienced users; iii) to define design strategies to address some of the main relevant issues found.

The relevance of this work is twofold. First, understanding how potential users of PI use self-tracking tools
can highlight the issues that they may encounter and reveal unsatisfied needs and desires on which to focus
design efforts, in order to address this class of instruments to an enlarged user base. Second, a series of design
suggestions will allow developers to create more useful tools that could engage new users in self-tracking,

allowing them to discover the utility behind their personal data.

The paper is structured as follows. First, we provide an overview of the previous studies related to the usage
of PI in Section 2. Then, in Section 3, we describe the methodology followed in our research and, in Section
4, its results. Section 5 discusses our findings with respect to similar works. Finally, Section 6 proposes a

series of design strategies to address some of the identified issues. Section 7 concludes the paper.

2. RELATED WORK

Self-monitoring, the activity of observing and recording one’s own behavior (i.e., actions, thoughts and
emotions), is a well-known technique in cognitive and behavioral psychology (Foster et al., 1999, Korotitisch
and Nelson-Gray, 1999). Conceived as a clinical assessment method for collecting data on behaviors that only
the patient could observe and record (e.g. eating, smoking), self-monitoring has become a standalone
intervention technique, because of its reactive effects. Reactivity refers to the phenomenon in which the
process of recording behavior causes the behavior to change (Nelson and Hayes 1981): self-monitoring often
changes behavior, and this change is typically in the desired direction (Miltenberger, 2007). Personal
Informatics technologies enhance the self-monitoring process, allowing people to track their behaviors outside

the clinical setting.

Personal Informatics was first defined by Li et al. (2010) as a class of applications that help people collect and
reflect on personal information. Pioneering examples of PI applications can be found in life logging research
(Cheng et al, 2004, Gemmell et al, 2006, Mann et al., 2004), “a form of pervasive computing consisting of a
unified digital record of the totality of an individual’s experiences” (Dodge & Kitchin, 2007). As years
passed, other academic research aimed at designing systems that allow people to collect and visualize their

personal information, for therapeutic and rehabilitation purposes, or for promoting behavior change towards



healthier and more sustainable habits. For example, UbiFit Garden (Consolvo et al., 2008) uses wearable
technologies and a personal, mobile display to encourage physical activity; UbiGreen (Froehlich et al., 2009)
is a mobile application providing personal awareness about green transportation habits through iconic
feedback; Mobile Mood Diary (Matthews and Doherty, 2011) is a mobile and online symptom tracking tool
for adolescents with mental problems; Lullaby (Kay et al., 2012) is a system to track sleep that combines
temperature, motion sensors, light, audio, photos and an off-the-shelf sleep sensor to help people understand
their sleep behavior. During the same years, PI tools started to be used by groups of technology enthusiasts,
such as the Quantified Selfers, with the aim of increasing their self-knowledge, or improving their everyday

life through self-experimentation (Marcengo and Rapp, 2013).

As of today, the availability of many commercial applications and devices for self-tracking boosted the
popularity of PI among a wider range of users. Healthcare and fitness seem now the most popular domains for
Personal Informatics. On the one side, PI tools help users self-track the evolution of symptoms of specific
diseases, like Asthmapolis that uses sensors to track asthma attacks, or the variation of particular
physiological parameters, like SugarStats that monitors blood sugar levels. On the other side, wearables like
Fitbit and Jawbone Up collect and analyze information related to users’ physical activity and sleep behavior,
while applications like MyFitnessPal, Loseit and Calorie Counter allow people to keep track of their food
intakes by simply filling a diary. However, self-tracking instruments are rapidly spreading among a variety of
domains, enabling the gathering of data related to mood and emotions (e.g. Expereal and T2 Mood Tracker),

daily tasks (Daytum), movement and locations (Moves), dreams (Dreamboard), finance (Mint), and so on.

Some of these instruments track data automatically, by leveraging sensors and algorithms capable of inferring
the target behavior or activity from the data collected. Others, instead, need to rely on the user’s self-
reporting, given the complexity of the parameter tracked. In Table 1 we try to summarize the variety of
commercial PI tools in a taxonomy, based on the type of data that they track, with examples for each
category. This taxonomy does not aim to be exhaustive, as there currently are myriads of instruments for self-
tracking, and the types of information that they are capable of collecting are rapidly expanding. On the

contrary, it is only meant to give a snapshot of what PI tools are.

Type of Data Self-reported Automatically detected Main Domain

Psychological Parameters Expereal (Mood) Empatica (Stress / Arousal / Epilepsy) Health /




Type of Data Self-reported Automatically detected Main Domain

T2 Mood Tracker (Mood) Phyode W/Me (Emotions / Nervous System) Wellness

InteraXon Muse (Mental Activity)

Zio XT Patch (Heart Rate) Health /
SugarStats (Blood sugar)
Physiological Parameters Jawbone Up (Sleep Patterns) Wellness
MonthlyInfo (Menstruation)
SleepBot (Sleep Patterns)

Symptoms CatchMyPain (Pain) Asthmapolis (Asthma attacks) Health
MyFitnessPal (Food) Nike + (Run) Wellness /
Behaviors Dreamboard (Dreams) Jawbone Up (Physical Activity) Fitness
Drinking diary (Alcohol) Lumo Fit (Posture)
Da]]y Tasks and Daytum (Tasks) Self-
Mint (Finance)
Management Kibotzer (Goals) management
Movements / Locations Mileage Log+ (Travels) Moves (Movements) Transportation

Table 1. An overview of different PI tools currently available on the market

These instruments are now available for anyone interested in tracking their own data and soon they will allow
potentially everyone to collect personal information about herself. In this landscape, a question arises: are

these technologies designed for this potentially enlarged user base?

Until now, research on the usage of available PI tools on the market was focused exclusively on how
“experienced users”, such as Quantified Selfers, use and perceive these kinds of technologies. Li et al. (2010),
for example, carried out a survey with individuals who collect and reflect on PI. Based on its findings, they
suggested a stage-based model of PI composed of a series of five stages through which trackers transition
when using PI tools: preparation, where they start collecting personal information; ii) collection, when they
gather data about themselves; iii) integration, where the information gathered are transformed for the user to
reflect on; iv) reflection, when the user reflects on her information; v) action, when trackers choose how to
behave thanks to their newfound self-understanding. Li et al. further identified barriers that participants
experienced in each of these stages, highlighting, for example, how they found burdensome manually

collecting data, and how they encountered difficulties in integrating data coming from multiple inputs.

Li et al. (2011) further investigated the usage of PI tools in another work showing that the current commercial

tools do not have sufficient understanding of users’ needs. These instruments, for example, did not help users



explore their data holistically: therefore, some of their participants managed their data together by using paper

graphs or by reviewing their data logs.

Fritz et al. (2014) studied “in the wild” the long-term usage of commercial wearable devices addressed to
promote physical wellness, focusing on the behavior change processes and motivations. They described how
self-trackers showed a strong attachment to their devices, and how these systems had immediate impacts on
their activities. They further emphasized that long-term trackers were highly motivated by the numerical
feedback provided by the devices and that the tools’ social features offered them a set of supplementary

potential goals to improve their physical activity.

Choe et al. (2014), instead, interviewed an “extreme” group of users, the Quantified Selfers, classifying their
motivations in tracking their own behaviors. They described how these individuals found different issues in
tracking, managing and visualizing their own data, due to a variety of lacks in the tools’ features. However,
they stressed how these users always searched for a solution that could meet their needs, by building, for
example, their own tools for tracking, by formulating hypotheses on their own data to test, or by creating their

own visualizations (such as line charts).

Finally, Rooksby et al. (2014) pointed out how users use differently diverse tracking technologies, identifying
a variety of personal tracking styles: 1) directive, to achieve a goal; 2) documentary, to record activities 3)
diagnostic, to link different parameters together; 4) collecting rewards, to gather incentives; and 5) fetishised,
for a pure interest in data or technology. The authors also introduced the expression ‘lived informatics’ to
outline the people’s real practices in tracking information, meaning with it that “people are using information

and finding its meaning in their day-to-day lives” (Rooksby et al., 2014).

However, all these studies involved participants with a strong previous experience with Personal Informatics.
Li et al. (2010), for example, recruited participants from blogs and forums dedicated to QS, information
visualization and PI, stating that the issues encountered by them may be a subset of problems that people may
experience. On the other side, Li et al. (2011) focused their investigation on participants who wanted to
change or maintain their behavior, were used to use self-tracking devices and were also likely very motivated
in accomplishing self-monitoring activities. Fritz et al. (2014) involved participants that had been using these
kinds of technologies for long periods, reporting that they were not necessarily representative of experiences

with these tools. Moreover, all these studies focused on trackers who had clear goals, such as changing



behavior, showing a strong motivation in achieving their objectives through PI instruments. Choe et al.
(2014), instead, by investigating Quantified Selfers’ practices, focused on a specific user group formed by
people who are extremely motivated in tracking personal data and are engaged in actively self-experimenting

how different variables may have effects on their behavior.

Although Rooksby et al. (2014) enrolled in their study four participants who never (or barely) used an activity
tracker before, they mainly focused on people who had used at least one tracker, while the majority were
using several tracking and logging technologies. The majority of their participants had already integrated PI
tools into their daily lives at the beginning of the study, showing short-term and long-term goals on the basis

of which they used trackers and collected data.

Given these premises, previous research can only offer us limited insight into what people with a curiosity
about but no previous experience of PI might need in such tools. A research that investigates needs, desires
and perceptions of users with no previous experience in PI is then still missing. We want to fill this gap by

conducting a diary study with them.

3. DIARY STUDY: METHOD

To study how users use and perceive PI tools a diary study has been conducted. Diary studies are a
longitudinal technique to investigate user behaviors in the field reducing the effects of the observer: they
diverge from other field study methods as the observer is far from participants and participants control the
timing of recording and the aspects of the recorded behavior (Carter and Mankoff, 2005). A diary study
commonly uses a paper diary or a notebook, in which users record the time of an event, information about the
context and the significance of episodes that have occurred to them, along with thoughts and feelings
associated to those episodes. Diary studies are useful as they allow to capture information in contexts that
would be difficult to directly observe for a researcher due to social or physical reasons, “potentially leading to
more personal accounts and natural behaviour” (Church and Smyth, 2009). This methodology has been used
for studying the usage of a variety of technologies in Human-Computer Interaction field, such as SMS
(Grinter and Eldridge, 2003), multitasking tools (Czerwinski et al., 2004) and mobile devices (Sohn et al.,

2008)



Conducting a diary study, we realize that there would be imperfections in data gathering, as the act of
observing and recording tends to interrupt the flow of daily activities. Furthermore, diary studies suffer the
disadvantage of possible missing data, since participants are selective in reporting (e.g. they could think that
some events are not important while they are). Despite these factors, we thought that a diary study would be
the most effective methodology to capture contextual data and highlight user needs and barriers in using PI
tools: we needed a technique that could collect data in situations where it would be impossible to have direct
observation (e.g. at night in the user bedroom), capturing individuals’ personal descriptions and perceptions in

an everyday context of use.

3.1 Sample

We involved a diverse group of people from our city, as the physical proximity of the participants was
important in conducting contextual interviews that we carried out at the end of the study. Participants were
recruited through a variety of approaches including snowball sampling and recruiting emails. Fourteen
participants took part in our research, 8 female and 6 male. Other studies with similar design and purposes in
HCI field have adopted a similar sample size (e.g. Li (2012), Grinter and Eldridge (2003), Czerwinski et al.
(2004)) However, the final decision of settling for 14 participants came when we realized that additional data
would not have produced substantial new insights for the purposes of our research, following a data saturation

criterion (Bowen, 2008). Background information was collected through a preliminary interview.

The age of participants ranged between 19 and 50, with an average of 31,9 (SD: 10,1). As for professions, our
participants comprised undergraduate students, PhD students, post-doctoral researchers, a psychologist, a
commercial operator, a web designer, a software developer, an e-commerce sales manager, and a lawyer. All
participants owned a smartphone: 7 out of 14 used regularly applications and mobile internet access on their
phone; the other seven used their smartphones mainly for calling or messaging. All participants were open to
technology. However, all except four were not focused on technology (i.e. they did not work in a technology
company or study technological disciplines). Only two were moderately adept in data analysis or statistics
(the software developer and the psychologist). None of the participants were obese. While two (one man and
one woman) were moderately concerned about weight none of the participants were dieting. There were no

serious runners, or professional sportsman, among the participants, but five regularly exercised by running
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once a week (two), or by walking around thirty minutes a day (three). Four (of which two also exercised)
were following, without striving too much, a healthy lifestyle by searching for natural foods, by being health
conscious, or by paying attention to the factors that could negatively impact their wellness (e.g. too much
pollution, excessive stress, etc.). Four participants felt somehow the need of doing more physical activity, or
following a healthier lifestyle, but they did not believe to have sufficient time and motivation for changing
something in their life. Anyhow they did not care too much of these matters. The remaining participants were

not concerned about health or doing physical activity.

In regards to the act of collecting their personal data through technological means, all participants shared the

following attributes:

they did not have any prior experience neither with PI tools, nor with the act of collecting their

personal information (differently from the users of the Li et al. 2010, 2011, Choe et al., 2014, Fritz et

al., 2014 and Rooksby et al., 2014 studies);

- they did not have any special need or specific goal for recording their personal data, such as a
chronic disease or a desire for changing their behavior (e.g. quitting smoking) (differently from the
users of the Li et al. 2010, 2011, Choe et al., 2014, Fritz et al., 2014 studies and from the majority of
the Rooksby et al.’s users, who were dieting or serious runners);

- they did not have a deep knowledge of self-tracking instruments and, by and large, of wearable and
ubiquitous technologies and they did not seek such a knowledge (differently from the Choe et al.’s
users and the majority of participants that were recruited in Li et al. 2010, 2011 studies);

- they had a positive predisposition toward the idea of gaining a better knowledge about some aspects

of their behavior and of their daily life;

- they showed a sense of curiosity toward Personal Informatics systems.

Six participants reported that they have already heard about this kind of tools, they were interested in them but
they have never had the occasion to try them. Four participants wanted to buy a wearable device in the last
year, but then procrastinated the purchase, as they could not concretely figure out how this could be integrated
in their everyday life. The remaining participants showed a superficial knowledge of what wearables are, and
did not know about tools for self-tracking. However, they were aware that some people monitor their

behavior.
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When PI tools were assigned to them they all had a positive attitude in trying to understand how these
technologies could be useful in their everyday life. Although they did not have specific goals in mind, they
were curious and interested in collecting and exploring their personal data. We suggest that these participants,

in their unique ways, can provide good cases of people that could adopt PI tools in the near future,

We will refer to these users as naive users, meaning a class of new, potential users of PI technologies, who
lack experience and knowledge of self-tracking, but who are curious and interested in it, in contrast to the
experienced users involved in the research cited above. Participants were not compensated for their

participation.

3.2 Procedure

We split participants into two groups of seven users using two different types of Personal Informatics tools:
the first group had to use a wearable device, the Jawbone Up bracelet, recording data for physical activity,
sleep, food and mood; the second group had to use three PI applications on their smartphones, collecting data
for dreams (Dreamboard), sleep (SleepBot), movements (Moves), locations (Foursquare), physical activity,
food and calories (MyfitnessPal), daily tasks (Daytum), or mood (Expereal, T2 Mood Tracker). Jawbone Up
bracelet automatically tracks physical activity and sleep patterns by detecting the movements of the wrist.
Food and mood, instead, need to be manually inserted by the user through a free text field and a graphical
interface (a measurement scale). Dreamboard allows users to keep track of their dreams by combining simple
icons and free text fields. SleepBot automatically detects sleep patterns by tracking sounds and movements at
night, while Moves exploits the sensors embedded in the smartphone to track the number of steps. Foursquare
records locations by requiring users to make a check-in, while MyFitnessPal provides users with a food
journal, requiring them to manually insert the food intakes or to scan the barcodes of the food containers.
Daytum is an app for collecting and displaying daily activities and events that should manually inserted.
Expereal and T2 Mood Tracker enable the tracking of mood through a graphical interface (measurement

scales).

The data tracked and the tool(s) used by each participant are shown in Table 2. Participants were assigned to
the different groups on the basis of their personal interest and curiosity in the parameters to be tracked, and

motivations for wearing on not wearing the device (e.g. aesthetics, suitability for their everyday habits, etc.).

12



For example, some participants showed the willingness to know something about a behavior not traceable by
the Jawbone Up (e.g. dreams or locations): so they were assigned to the second group. Others did not like at
all the design of the bracelet: therefore, they were assigned to the second group too. Other participants
expressed a strong curiosity in trying a wearable device that could automatically detect their sleep and

physical activity: they were then allocated to the first group.

In regard to the first group, we chose the Jawbone Up bracelet after carrying out a desk analysis and
excluding usability problems. We preferred it to other wearable devices because of its relative widespread
diffusion, its unobtrusiveness and its ability to gather different kinds of behavioral data (physical activity,
sleep, food, mood) through a unique solution: FuelBand, for example, is more addressed to physical activity
and doesn’t allow to track users’ sleep, while FitBit is more obtrusive for its larger dimensions. As for the
second group, we selected the applications following these criteria: i) heterogeneity of the
behaviors/parameters to be tracked and domains addressed; ii) balance between the self-tracking modalities
(automated vs. self-reported); iii) complexity of the data reported. For example, as for the second criterion we
chose Moves and Foursquare because the first one automatically detects movements, while the second one
asks the user to report her location by doing a check-in: although the latter was not originally designed for
self-tracking purposes, it may be used also for keeping track of the places visited (Rooksby et al., 2014). As
regards to the third criterion, we selected both Expereal and T2 Mood Tracker because the first one allows
users to report mood by simply inserting a value (from 1 to 10) through a colorful wheel; while the second
one allows users to specify their mood along different dimensions, resulting in a more complex information
recorded. We kept out PI tools that track data for very specific needs, such as those focused exclusively on
health issues (e.g. trackers for symptoms or chronic illness) because they were not suitable for our participants
(who did not have such specific needs). Moreover, the applications were selected only after excluding

usability problems through a heuristic analysis.

These tools were then assigned on the basis of the following criteria: i) interest of the participant in the target
behavior / parameter to be tracked; ii) balance between automatically recorded data and self-reported data
among the group. For example, we assigned to each participant at least one app that could automatically track

data, in order to lighten the burden of self-reporting.
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ID Data Tracked Tools or Devices Period of usage
P1 Food, Mood, Physical activities, Sleep Jawbone Up 1 Month
P2 Food, Mood, Physical activities, Sleep Jawbone Up 2 weeks
P3 Food, Mood, Physical activities, Sleep Jawbone Up 10 days
P4 Food, Mood, Physical activities, Sleep Jawbone Up 3 weeks
P5 Food, Mood, Physical activities, Sleep Jawbone Up 2 weeks
P6 Food, Mood, Physical activities, Sleep Jawbone Up 3 weeks
P7 Food, Mood, Physical activities, Sleep Jawbone Up 10 days
P8 Run, Dreams, Tasks Nike+, Dreamboard, Daytum 2 weeks
P9 Movements, Locations, Mood Moves, Foursquare, T2 Mood Tracker 2 weeks
P10 Movements, Run, Mood Moves, Nike+, Expereal 3 weeks
P11 Physical activities, Movements MyFitnessPal, Moves, Foursquare 3 weeks
P12 Mood, Sleep, Physical activities Expereal, Sleepbot, MyFitnessPal 3 weeks
P13 Tasks, Locations, Sleep Daytum, Foursquare, SleepBot 10 days
P14 Mood, Movements, Dreams T2 Mood Tracker, Moves, Dreamboard 2 weeks

Table 2. Sample

Participants of the first group (“wearable device) were provided with a Jawbone Up bracelet and had to
download the Up application on their smartphones. They were asked to wear the device during the study,
night and day. They could self-report in the application both their mood and their food consumption as often
as they wished, while physical activities and sleep behaviors were automatically tracked by the device. They

were also given the possibility to set goals related to sleep and physical activity and monitor their progression.

Users of the second group (“mobile applications™) had to download the assigned apps. As for the applications
that relied on self-reporting (e.g., DreamBoard, MyFitnessPal), participants were suggested to fill in regularly
the data related to the occurrence of a significant event (e.g. a dream, a lunch). The applications (e.g., Moves,
SleepBot) that automatically recorded participants’ behaviors (e.g., movements, sleep) were required to be
kept active for the whole duration of the study. Participants of both groups were also invited to screen

regularly their daily data.
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Assigned tools had to be used for a minimum of ten days by each person, keeping a diary of all their thoughts,
perceptions, problems and needs related to their usage. However, depending on their availability and interest,
they could choose to carry on the trial and the diary activities up to one month. We gave participants the
possibility to choose the duration of the trial, as we aimed at exploring their natural engagement and interest
in the instruments provided, like so their sustainability in time in their everyday practices. The different user
experiences, which came from the different periods of engagement, were considered a richness rather than a
confounding variable, as they allowed us to expand the heterogeneity of the cases investigated. One user

decided to extend the study for the whole month, while the average period of engagement was seventeen days.

The researchers gave each participant some basic written instructions and an electronic diary in the form of a
Microsoft Word™ file, with tables for each day of the week, and rows for each aspect that we wanted to be
recorded. Rows were created for: thoughts related to the daily usage of the tool(s), barriers encountered,
meanings associated to the data tracked, reflections triggered by the visualized data, unexpected events

happened during the usage of the applications, and effects of the self-tracking activity on behavior.

Participants were suggested to fill in their diary during the day, immediately after an important event has
occurred, and in the evening, when they could retrace their daily experience and write their personal thoughts
and perceptions. Participants could also take pictures of situations and events that triggered problems or
particular insights as for the use of the tools assigned to them. Lacks in completing the diary were equally
distributed along the whole period of study (there were no peaks in the last days of the research). Thus, the
fading engagement that most users showed during the study (e.g. failing to manually report data in the tools
provided) was likely related to a decreasing interest toward the tools, and not toward the study itself, as all of
them continued to regularly take notes in the diary even in those days when they forgot to use the instruments
assigned. On the day after the completion of the diary, participants were interviewed for approximately one
hour. They were required to bring the tools they used and the diary they filled to the interview. The interviews

were qualitative and revolved around the usage of the assigned tools. Interviews were audio recorded.

4. DIARY STUDY: RESULTS
We transcribed the recordings of the interviews and we analyzed them together with the diaries. We identified

themes using a thematic analysis (Braun and Clarke, 2006). During the analysis we focused on the problems
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people encountered in using the assigned tools. We classified the results in four categories: tracking data, i.e.
difficulties encountered in collecting personal data both automatically and through self-reporting; managing
data, i.e. problems faced in integrating different kinds of data and in exercising control over them; visualizing
data, i.e. issues found in interacting with numeric and abstract representations of data; using data, findings

related to the PI tools’ perceived utility and their sustainability in the long-term.

Regarding the tracking of data, participants perceived the act of self-tracking as a burdensome activity, which
did not reward them with strong benefits, such as an effectively and immediately increased self-awareness or
an improvement of their daily activities. As a result, participants of the second group often failed to self-report
their data in the tools assigned, due to a variety of reasons, such as lack of time or motivation and
forgetfulness. On the other side, participants that had to wear the Jawbone Up device, highlighted the
problems emerged during its usage (e.g. an aesthetic that is not suitable to all the social contexts, interferences
with the manual labors of the everyday activities), more than the improvements that it provided to their

everyday life.

As to the management of data, participants stressed how the tools provided were not able to integrate the
different kinds of behavioral data they were collecting. While participants of the first group highlighted that,
despite their presentation in a unique interface, the different data collected by the Jawbone Up were simply
juxtaposed, users assigned to the second group described that the data were scattered in different silos,
preventing them to find useful correlations and insights. On the other side, participants of both of the groups

emphasized the need of a greater control over their data, revealing the importance of privacy issues.

The visualization modalities offered by the tools presented different problems, such as an excess of
abstraction and the lack of recommendations and synthesis. Participants showed to be refractory to numbers
and graphs, preferring more concrete and intuitive ways of displaying quantitative data. Moreover, they
desired reports and suggestions capable of summarizing important data and highlighting useful insights for

their daily life.

Finally, as regards to the usage of data, participants found the tools scarcely suitable for their everyday
situations. They could not find concrete goals on the basis of which using the information collected, mainly
because their engagement started soon to fade away. By perceiving a low cost/benefit relationship,

participants were not motivated to integrate these instruments in their everyday practices and objectives,
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rapidly losing the interest and curiosity they had at the beginning of the study. Although they were interested

in knowing something about themselves, they were not disposed to continue to track using the tools provided.

We will present these results in the following sections. However, before extensively describing these four

main themes, we outline, in Table 3, a picture of how all these categories of problems evolved over time. The

table contains quotes that come exclusively from the participants’ diaries, highlighting how they experienced

barriers during the four weeks of the study. All the quotes are meant to exemplify how a certain issue was

perceived in a particular point in time through the participants’ own words. It emerges how the tools assigned

did not offer sufficient advantages for engaging them even in the short term: negative thoughts, feelings and

judgments were more frequent after the first week of the trial, showing that these tools were unable to

maintain the level of involvement at a certain stage. Most of the participants decided to quit after 2 or 3 weeks

from the beginning of the study.

First Group First Week Second Week Third /Fourth Week
“I don’t remember how I was
“I reported the mood three in the afternoon. I inserted “I forgot to wear the bracelet
times today” P4; “Blamed for | good but I’'m not sure” P1; “I | today and yesterday. It
Tracking
using the phone during the stopped to insert the mood. I doesn’t seem useful to me
lunch” P2 can’t make myself remember | anymore” P4
it” P4
“When I wake up late, I have
“No control in sharing data” always a bad mood. Why?” “Who is the owner of my
P2; “All these data are not PS5; “Making less than 6000 data?” P5; “I would like to
Managing
merged. They are put side by | steps per day is making me know how Jawbone is using
side” P1 sleep less than 5 hours/night? | my data” P3
Or is it the contrary?” P7
“Beautiful graphs, but I prefer | “Jawbone should give me “I'm continuing to track
evocative representations advices, like: you are going to | Myself, but I'm not
Visualizing (avatars?)” P2; “It would be sleep bad because you didn’t | Visualizing the data anymore.
smart to have some graphical | do enough physical activity It’s always the same thing:
reports, in the form of this day, don’t drink tea or bars, bars, bars” P5
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images” P4

coffee this evening” P1

“What have I done the last

“It can be used only for a

short time to understand my

“Too many practical

problems. Third week and it

Using problem” P3; “Not useful for | seems to me as it were the
Monday at four?” P3
remembering what I’ve done” | third month: this Friday I’1l
P2 quit” P3
Third Week/Fourth
Second Group | First Week Second Week
Week
“Writing just after waking up
“This week I didn’t use any
is not for me. It is too
“Too cumbersome to insert app. I didn’t have time to
complex when you are
data every day. I dropped” insert all those data” P12; “I
Tracking sleepy” P8; “Moves is perfect
P12; “T2 canceled. Very inserted my food for two
you don’t have to do
annoying alarms” P14 weeks, but now I’'m tired. I
anything. It only consumes a
won’t do it again” P11
little bit battery” P10
“Impossible to keep traces of
“I need one tool, not three
all these different data without
different apps” P10; “I’d like “I don’t feel safe by having
using pen and paper. It’s not
Managing to send my data only to one my data somewhere in the
for me” P13; “Moves is
person not to public them on net” P10
wonderful. I want all my data
Fb” P8
in this app” P14
“Too many numbers. It’s
“Didn’t visualize the data “I like to see how much I
quite confusing” P9; “It
today. They confuse me moved in the last two weeks.
Visualizing would be beautiful to read
instead of giving me new But so what? It lacks
these data as they were
ideas” P8 something” P11
stories” P8
“Useful if you have a chronic | “It’s nerds’ stuff. It’s not for “Interesting but I won’t use
Usi disease” P10; “Today I me” P8; “Useful until I them after finishing this
sing

understood how much are

8000 steps. That’s great” P11

understand why I’m sleeping

so bad” P13

study” P10; “T will use only

moves. It makes me
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remember the things

happened” P12

Table 3. Diary Results (sample quotes from the participants’ diaries in the cells)

We will now move to the description of the four themes found during the data analysis, focusing on the
problems that participants encountered, in order to highlight the critical points to be solved for making PI
tools more suitable for people’s everyday needs. Most of the issues found were experienced by almost all the
participants, highlighting, on the one side, that their needs and desires were somehow homogeneous, and, on
the other side, that the same problems recurred in different tools, apart from the specific data they tracked and
the particular interfaces they had. The findings presented refer to both the data collected through the diaries
and those gathered during the interviews, as they did not show any significant difference or contrast that could
justify a separate exposition. Nevertheless, in the subsections above, all the quotes come from the interviews:
as during the interviews participants had the possibility to also comment the data they gathered through the

diaries, the quotes we collected in such occasion better exemplify both of the sources.

4.1 Tracking Data

Issues in manually collecting data

People often failed to self-report their data, which required their active role in the gathering process.
Participants reported different problems with this task. First, people did not remember to insert data. For
example, P10, after three days from the beginning of the study, started to forget to track the majority of his
emotional states. P1 remembered to insert mood mainly in the evening, when she explored her daily data.
However, often it was too late to recollect her exact emotional states experienced during the day: this entailed
a more or less casual reporting of what she felt like. P13 remembered to insert data only after events had
happened. However, at that time she lacked motivation and willingness and rarely went through self-
reporting: “it was gone already, and I said to me I’ll do the next time”. P8 lacked time and willingness in
reporting her dreams just after she woke up. Inserting complex textual information in a mobile phone in the
early morning did not get along with her daily habits. By waiting a few hours, it was too late, and the dreams

WETre gone.
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Participants experienced problems also when the data to be reported required a minimum effort, for example
using the measurement scales adopted by Jawbone Up and Expereal. Although P1 and P3 appreciated the
intuitiveness of the task related to the insertion of mood, P2, P4, P6, P10 and P12 reported that signaling
mood only along one axis (positive-negative) oversimplified their emotions: they did not recognize their
psychological states in the dimension provided. P4, for example, reported that the degrees of smile used by
Up application were “somewhat fuzzy. They can be useful for expressing emotions while chatting but not for
tracking psychological states in order to rely on accurate data”. P2 recognized that “emotions are often
contradictory and applications should provide the possibility to select different emotions at the same time,
qualified by names and intensity”. On the other hand, providing too many dimensions, as done by T2 Mood
Tracker, was perceived as confusing and annoying. P14, for example, did not understand the differences
between the various axes provided by the tool (e.g. worried, pressured, tense, irritable, anxious), noting that
“reporting emotions should be intuitive such as experiencing them”. These elements highlight how self-
reporting activities can also arise issues related to the complexity of the data to be reported: adding too many
details can discourage users in manually insert the information, while simplifying too much the process of

recording can impoverish the data, making it useless when retrieved in a later time.

Manually collecting information was also perceived as an out of place task that did not fit well with everyday
practices of participants. P12 considered that reporting food intakes was an activity that could not be easily
performed during the meals, since it was stigmatized by her dining companions (e.g. family, friends,
colleagues). P2 reported that she felt strange to interrupt every meal to put data in a mobile application. P3
and P7 agreed that in many everyday situations it was hard to gain social acceptance when stopping social
activities to deal with an electronic device, especially when the actions required for self-reporting took quite a
long time. Other participants, instead, found self-reporting to be a distraction from their actual main task. P6,
for example, stated that inserting his mood, through the UP mobile application, required to take out the phone,
open the app, select the mood and close the application: this procedure diverted him from his current thoughts

and actions and for this reason was soon abandoned.

Thus, while gathering information immediately after an event had occurred was perceived as an interruption
or an interfering activity, collecting data after a while showed not to be a viable option either because of
forgetfulness or lack of motivation. As a result, 13 out of 14 participants agreed that manually collecting data

was too cumbersome to carry on in daily practices. Regularly self-reporting was interpreted as undertaking a
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new habit with too high costs. Meanings most frequently associated to this in the diaries were cumbersome,

annoying, unsuitable, complex, stressful.

Issues in automatically collecting data

While participants experienced many problems in manually collecting data, automatic self-tracking features,
provided by Jawbone Up, Moves and SleepBot, were welcomed by almost all the participants. Participants
were impressed of the potentialities of the tools provided, reporting a sense of wonder for their capabilities.
P10, for example, was struck by the fact that Moves was able to recognize when he was walking, running and
cycling, automatically differentiating the three activities; while for P2 it was hard to believe that from the

movements of her wrist it was possible to detect the different stages of her sleep.

However, participants of the first group reported that carrying a wearable device like Jawbone Up may give
way to many practical problems. Although comfortable, P1 stated that “it is unimaginable to wear a bracelet
like that for a person that does a manual labor”. P3 reported that it interfered in the daily manage with her
child, as it could be harmful when she held her. P6 observed that it damaged the liner of his jackets and
scratched his face during sleep movements. P5 had an annoying sensation of pressure on the wrist. P7
believed that it blocked the flow of blood during the night. On the other side, participants sometimes forgot to
charge their bracelet, making it useless the day after: P6 reported that “/ realized that it was low on battery
only when I was out and for the rest of the day it didn’t track anything”. Others, instead, reported their
forgetfulness in wearing the device, especially after a shower or after a manual labor. P3 for example stated
that “Usually after a shower I forgot to wear it for three or four hours, one time it’s happened that I forgot to

wear it for the whole day”.

Moreover, participants highlighted how this kind of devices bump into social and “fashion” issues, like their
integration with one’s personal style: while P4 noted that the bracelet was not suitable for all daily contexts,
due its appearance, P1 and P2 agreed that devices that need to be worn everyday and everywhere do not fit
with the need of changing garments according to different days and situations. Especially female participants
emphasized the importance of aesthetical matters when dealing with this kind of objects. If P5 thought that its
minimal aesthetics perfectly fit with her “casual dressing style” of her everyday life, P3, instead, pointed that

the light blue of her Jawbone could not be appropriate for a nightdress or for formal occasions, while it could
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be suitable for a sport dress when going out for a run. All these participants highlighted the social valence of
objects that are constantly under the eyes of other people and should reflect particular and also temporary

climates of their owners.

Members of the second group encountered different problems. P9, P11, P14 complained that their phones’
batteries were drained by Moves so much so that P9 and P11 reported that often they needed to close the
application in order to preserve the functionality of their phone. P14, instead, stressed that she was inclined to
have less battery for using a useful app as Moves, but the charge issue should be solved in its next release for
exploiting all its potentialities. Also P12 and P13 stressed that they had to keep their phones connected to their
chargers during the night to avoid the battery drain caused by SleepBot: the first day they found their device
out of power just before they were going out for work. They stressed another point that they considered
important: their phones fell from the bed during the first nights, forcing them to put them under the pillow
away from the edge of the bed. Although this was a more secure place for the phone, they did not feel safe in

having it so close to their heads all night long.

Another critical point was related to the perceived accuracy, and thus reliability, of the gathered data.
Participants doubted of their trustworthiness when they noted a discrepancy between some data automatically
collected by the tools and what they believed about their behaviors. This matter was important especially for
participants that regularly exercised. When they had to choose whether to rely on their memories or on the
data collected, they always preferred the first option, calling into question the capability of the overall system
to correctly measure their behavior. P6 and P7, for example, found that the level of activity tracked by
Jawbone Up did not reflect their beliefs about their daily movements. This issue generated doubts about the
sleep data too, causing a rapid disillusion about the trustworthiness of the system. However, this reaction was
mitigated when referred to the self-reported data, in which participants had the responsibility of their
accuracy. P11 explained this attitude: “When I'm the responsible for reporting my data, I may know where
and when I was not accurate, so discrepancies between what the system displays and what I know about
myself is not a big deal. But when the system fails in collecting my data, I may not know where and when it
got wrong, so how can I rely on it?”. Reliability, then, was a feature that participants attributed more to the
responsible of the data gathering (the system or themselves) than to the gathered data: and although they were
indulgent about themselves, they were inclined to withdraw their whole confidence in the system at its first

signs of hesitation.
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Scarce help provided by tools

Although some issues in collecting data occurred because of the users, tools were of no true help in speeding
up the logging activity and reducing the cost of self-monitoring. Reminders mostly bothered participants,
especially the professionals and those who were more technology conscious, rather than helping them not to
forget to insert data. By using reminders, these apps were interpreted as a potential source of additional
“noise” for people that were already drowning in notifications for their daily work. The messages that
Expereal sent to P10 regularly, for example, were perceived as an annoying interruption from his activities
and were ignored. P14 canceled T2 Mood Tracker application before the end of the study because she could
not stand its daily alerts. P9 reported that every time he felt his phone vibrating, he thought that it was a
message: but after extracting it from his pocket he discovered that it was a T2’s reminder, making him quite

upset.

Other features, aimed at facilitating the insertion of data, raised many complaints too. Pre-sets for food, for
example, were perceived as culturally determined, specifically addressed to American people. P3 wanted to
report her food intakes but did not find what she usually ate in the list of the Up application. P12 tried to
create new food items and recipes with MyFitnessPal but this task required too much time and was scarcely
engaging: after few attempts she decided to abandon it. The scan barcode feature, on the other side, seemed
very useful at first sight by P11, but he soon realized that it could work only for a limited set of items and that

complex foods would not result as the sum of scans of their parts.

4.2 Managing Data

Lack of integration

People found that they were unable to see the whole picture of the information they gathered. Tools provided
few possibilities to integrate different kinds of behavioral data. P8 and P9 reported that apps were not helpful
in connecting the various events, while P11 and P12 wanted an application able to mix the data coming from
the different tools they used. By being scattered in different locations, data collected prevented participants to
find useful correlations among them. Actually, people wanted to find relations between different kinds of

information, such as co-variation and causation. However, as P12 stressed, they were not supported by the
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tools: she wanted, for example, to see whether her meals had some influences on her mood and her sleep, but
the dispersion of these data impeded her to infer useful insights. On the same way, P2 desired to know how
her sleep was connected with her daily physical activities: although she had all this information stored in the
Up application, she was able to see only co-variations between them, without understanding the reasons

behind them.

The main point is that participants did not proceed in self-experimentation to verify the foundation of the co-
variation found for translating them in valid causations. They showed not to have sufficient motivation and
time to manage their data, reflect on them and act to discover useful connections. Instead, they wanted the
tools to provide them with the most likely relationships, suggesting valid causalities. P1, for example, stated
that she was not able to decide which of the co-variations between food intakes, sleep, physical activities and
emotional states could be relevant for her, wishing for a more active role of the tool in providing important
connections. P6 desired more intelligence in tools: “/ do not have the knowledge for saying this caused that, 1
can see a co-variation but actually it could be only a mirage, like saying I'm sad every time it is raining in
Brazil. The tool should provide me valid causations that rely on scientific bases”. People wanted to maximize
the cost-benefit relationship, transferring to tools the burden of finding causations and expecting sufficient

intelligence in the systems to validate them.

Lack of control

Although younger participants were slightly less concerned about privacy matters, information tracked
through PI tools were perceived as extremely private, and almost all participants (except P9) agreed that they
would not share them on social networks or expose them in public. However, some of them showed the desire
to compare some of their data with those of significant others. P3, for example, wanted to match her sleep
patterns with those of her husband, while P5 liked to share only a subset of them with her boyfriend. P4 said
that “I would have liked to send my physical activity data to my sister, but the only thing that I could do was
to share them on Facebook or Twitter”. As total publicity was seen as a threat for participants’ privacy,
sharing specific data through private communication channels or among a strict group of well-known people

was perceived as the unique viable option for disclosing their objectives and results to others.
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The keyword stressed by almost all the participants was referred to the control they should exert on their
personal information. P1, for example, stated that these tools should allow users to decide which data should
be stored, deleted or made public in every moment. P9, instead, call the security of the storage mechanisms
into question, stressing that all these private data, distributed in different places, could be soon missed in the
web, making impossible for the individual to retrace them. Losing control was thus the most dominant fear
among the participants: they expressed a feeling of reduced trustworthiness toward the service providers, as
the possibilities for conserving, sharing and deleting their information were not considered under their
decision. Moreover, the tools used did not provide clear information about who, where and how long all these
data would be stored, leaving them a feeling of uncertainty that further questioned their trust in this kind of

technologies.

4.3 Visualizing Data

Excess of abstraction

Although several participants (4 out of 14) welcomed the possibility of displaying information through graphs
and stats, the majority of them reported that data visualizations provided by the tools were too abstract and
removed from what they expected. P3 did not recognize herself in the data displayed. She was not able to
establish an emotional connection with them, which would have helped her give them more importance
“These information are somehow cold, how can I reflect myself in there?”. P1, P4, P8 and P12 agreed that
abstract representations are addressed to people with a passion in exploring numeric information. They,
instead, preferred more concrete visualizations in which mirror and recognize themselves. Developing an
emotional link between users and their data was a way to become involved in exploring and giving meaning

to what the instrument gathered and presented back.

On the other side, the immediacy of the representation was considered an essential requirement for facilitating
the comprehension of the information collected. P1, for example, wanted an impressionistic image able to
provide, in a glance, key information and their relationship in a holistic way. For P2 the tool should have fed
back a global representation of the user’s lifestyle, in a metaphor that could portray intuitively and

synthetically what she have gathered.
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As a result, over half of our participants expressed a lack of engagement in visualizing and exploring their
data. P5, P8 and P13, for example, in the last days of diary study did not display their data any more. The
inability of the tools to provide an immediate engagement reduced the participants initial curiosity and
interest, preventing them to continue the reflection on data and consequently on themselves. Others were
instead affected by a shallow attitude, determined by the scarce clarity of the information displayed. P2, P3
and P6, for example, reported to be surprised that their deep sleep was not continuous and that their light sleep
lasted so much time. However, when researchers asked them why deep sleep should be so important for them,
they were not able to answer: they associated a positive valence to deep sleep and a negative valence to the
light one, without trying to further understand the meanings of these two terms. We encountered this
superficial tendency in other participants too. People showed a lack of motivation in navigating their data, not
going in deep in understanding them: they quickly visualized some information, attempted some correlations,

but were stopped at the first difficulties.

Lack of synthesis and suggestions

Most participants desired brief reports highlighting the most important data of the day. They often found the
visualized data hard to understand, requiring a high cognitive load and long time to find thought provoking
insights on their behaviors and their activities. P8, for example, stated that data should be visualized both in
graphical form and in narrative form, as statements connecting different kinds of data with the events
happened during the day. Most of the participants suggested that reports should be connected with
recommendations on how the data could be useful for their daily life. P6 thought that suggestions were
fundamental to address a change in his behavior. They represent a form of external judgment that can
motivate people to improve themselves: “I know that I have to do more physical activity, but seeing it on the
display of my phone is like an external evaluation, it pushes me more to change my habits”. As stated by P2,
P9 and P10, these reports should be in a linguistic form, helping users understand their faults and find the best
solution for them, “/ike a good physician or therapist should do with his patients”. However, they also noted
that transforming numeric data in natural language could not be sufficient: they should also involve users in

the process of reading, as a series of disconnected phrases could be annoying as the actual representations.
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Tools did not show sufficient “intelligence” for advising participants in how to exploit the gathered data for
their wellbeing. P5, during the diary study, wanted to use the data tracked to change her daily physical activity
and improve the quality of her sleep. Nevertheless, she reported that she was not able to address her efforts
correctly, as the application did not provide any suggestion: “Up should know me, since it has all my data,
and should give me suggestions tailored on my physical and demographics parameters, such my age, gender,
weight and on my daily habits. I don’t have scientific or medical knowledge to help myself and I have no time
Jfor exploring on my own how I should improve my behaviors in the right way”. As long as participants
wanted useful insights applicable to their everyday lives, personalization was reported as a main wish: since
the tools had a lot of data regarding user specific behaviors, it was natural for people to imagine that they
could provide services targeted to their specific needs. For P11 suggestions should show different alternatives,
tailored on the basis of the user’s characteristics, while P3 wanted the system to recommend goals too, on the

basis of the knowledge that the system should have about her.

4.4 Using Data

Perception of utility

People experienced a sense of initial curiosity for PI tools and during the study they tried to imagine how
these technologies could be useful for them. Several participants thought that they would use these tools to
track what happened to them and recollect their memories even after a long period of time. This kind of use
was considered a way “fo preserve all those things that we don’t notice during our life, but that could become
important later”, as stated by P14, or for “re-experiencing past episodes that we believed lost”, as wished by
P8. Continuously monitoring one’s own behavior, then, was interpreted as a means to enhance individuals’
memory. However, reliving the experiences connected with the data collected was considered also essential
for giving them meaning: without memories, personal data resemble to void shells, useless for gaining
insights on users’ everyday lives. P2, for example, reported how it was hard to recollect what she was doing
three days before, looking at Jawbone Up’s graphs: “Here I see a peak in my physical activity at 12 o’clock.

But sincerely I can’t remember now what I was doing in that moment, this means nothing to me”.

Participants, like P4 and P7, pointed out that the timeline, used for example by the UP app, was an important

axis, but not sufficient, alone, to connect the information collected to a meaningful background. Instead,
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participants that used Moves were helped in recollecting the memories of their daily activities by the traces of
their spatial movements: space was then used as a frame through which remember what happened during the
day. Looking at Moves, P11, for example, was able to recall on the one side the distances covered, on the
other one the people met and the accomplished tasks. Moreover, P14 desired to integrate Moves with the data
related to her mood, since this would allow her to connect her emotional states to the places visited, and,
through them, remember what happened to her during the day. These suggestions stressed how spatial cues

were essential in triggering the process of remembering.

The majority of participants thought that PI applications and devices should be also useful for modifying their
behavior: although not enough, this kind of technology could enhance their motivation and willingness to
undergo change. P11, for example, said: “I didn’t know how much eight thousands steps could be. Now that 1
get the measure I can set myself to that goal”. However, this attitude contained manifold and ambiguous
aspects too. Several participants, especially those who were not already exercising or following a healthy
lifestyle, said that this kind of technologies would only be useful for people affected by a chronic disease, or
strongly motivated to change an unhealthy behavior. This point highlights how these tools were not perceived
as helpful by people that have an ambivalent attitude toward change, who may be aware of the need to
change, but, at the same time, believe not to have the sufficient resources for carrying it out. Another
perspective was expressed by P8 and P13 that thought that PI tools were suitable only for “nerds” (i.e., people
enthusiastic for new technologies). It is interesting to highlight that participants thought about all these kinds
of possible users as “others than themselves”. They did not identify with individuals strongly interested and
motivated in searching for and better knowing the factors that may have influence on their behavior. Instead,
they were interested in self-monitoring activities that did not require hard efforts in order to be accomplished

with success.

Long-term usage

Over half of our participants stated that this kind of tools could be useful for changing one’s own behavior
toward healthier lifestyles. However, P3 believed that tools like Up could be useful only over a limited period
of time. She would use it only for the time needed to trace a baseline of her current behaviors: “Once

understood where I'm wrong, I don’t see any reason for wearing it again. Maybe if one day I will change my
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habits, it could be useful to me again”. P5 agreed on this pattern of usage: PI tools are useful only until users
understand the specific behaviors that they want to investigate, or until they address the problem that may

affect their daily life.

Besides, their suitability for a long-term use was rated very low. People perceived a low cost/benefit
relationship: the burden of tracking data was too high in comparison of what the tools were able to provide
them with. The majority of participants experienced a sense of curiosity at the beginning of the study, which
rapidly decreased as the days passed, together with the willingness and perseverance in tracking their own
behaviors. “It was interesting for the first times, but what else is there?... after few days it became boring
reporting my information every day and using that application for seeing more or less always the same
things, the same graphs, that’s not much” said P5. Although several participants thought that using these tools
for a long time could impact their self-awareness and consequently drive some kind of change, they also
expressed that complying in such a burdensome activity, without immediate gratifications, was not suitable

for their lifestyles.

5. DISCUSSION

Our results build on top and extend previous research, confirming and contrasting with studies addressed to
investigate how experienced users use PI tools. At the beginning of our diary study, our users differed from
those recruited in previous works on commercial PI tools usage (Li et al., 2010, 2011; Choe et al., 2014; Fritz
et al.,, 2014; Rooksby et al., 2014) on the basis of the following main accounts: i) they did not already
integrate PI tools in their everyday life; ii) they did not have a clear understandings of how these tools could
be exploited for their own situated purposes. However they shared an interest and curiosity in personal data
and in knowing better something related on their own everyday life. Additionally, our participants also
differed from those recruited in many of the trials carried out for assessing novel PI prototypes (e.g. Consolvo
et al., 2008; Tosco et al., 2006; Rooksby et al., 2015). Assessing a prototype frames the trial differently,
because users know that they might contribute to better the system under evaluation. Moreover, our
participants did not have any specific goal in mind at the start of our study (while the users recruited e.g. for

the Ubifit Garden’s trial (Consolvo et al., 2008) and the Chick Clique’s trial (Tosco et al., 2006) shared
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behavior change goals, and the participants of the Pass the Ball’s evaluation (Rooksby et al., 2015) aimed at

winning the game under the frame of which they were participating).

During the diary study and the interviews other differences and similarities emerged. Some of the barriers
found in our research actually strengthen the previous findings, showing that some issues are widely
recognized as problems (Table 4). The burden of the self-tracking activities, for example, has been
highlighted by the Li et al.’s (2010) users as well: when a tool did not satisfy their information needs, they
often switched to another tool. The Quantified-Selfers’ themselves, investigated by Choe et al. (2014),
showed a great tracking fatigue, which pushed them to search new ways to alleviate it, such as making the
data collection automatic or lowering data granularity by developing personalized tools. Although
encountering more or less the same barriers of experienced users, naive users expressed a more submissive
attitude toward them. Obviously they could not try to build their own instrument, but actually they were not

even in search for a solution, but for a way for escaping from a laborious task.

Also as to the integration among different sources and kinds of data, naive and experienced users shared the
same difficulties: having the data scattered among a variety of silos makes the interpretative process hard.
However, while experienced users, such as those of Li et al. (2011), managed to explore their data by using
paper graphs or by reviewing their logs, naive users requested a ready-to-use solution, showing a rather weak
motivation in working on their data. In fact, one of the characteristics of experienced users is their motivation
in self-experimenting, i.e. their desire to discover correlation among various information that may affect their
behaviors. Quantified Selfers, for example, usually generate hypotheses to test, by making careful
observations of previous behavioral patterns or individual needs, and sometimes by using control conditions,
triangulation of data and the experience sampling method to design more rigorous experiments (Choe et al.,
2014). Instead, naive users expect a greater intelligence in the tool and transfer the work needed for finding
correlations and even causations to the instrument, as they do not think to have the required competences for

formulating hypotheses and validating them through self-experimentation.

Moreover, in relation of control, concerns about privacy are shared among the two different kinds of users,
although to a different degree. For example, the main concerns of experienced users are related to having
personal data uploaded to a server or making these information visible to others (Fritz et al., 2014). Naive

users express a deeper fear and a stronger request to have a complete control on their data, likely driven by a
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minor knowledge of the technological and “economical” issues that lie behind the ownership of the data they
generated. Nevertheless the unwillingness to share personal information to generic social networks, such as
Facebook and Twitter, is reported by both the experienced (Rooksby et al., 2014) and the naive users,
although the experienced ones seem more inclined to compare their data with friends within the community of

the tool they used with the purpose of competition (Fritz et al., 2014)

If these aspects show common desiderata related to the tracking and management of personal data by
experienced and inexperienced users, we can find that naive and experienced users have different needs and
wishes related to the visualization modalities. Fritz et al. (2014) highlighted how experienced users tend to
focus on numerical goals and numerical data, suggesting that they pay more attention to numbers rather than
on the activities they represent. Instead, naive users are not very familiar with the visualization of quantitative
data provided by PI tools. They prefer more impressionistic representations and suggestions targeted on their
habits and behaviors. Nevertheless, data visualization and interpretation is a key hurdle even for the most
experienced users. Choe et al. (2014) noted that Quantified Selfers simplify their tracking strategy when there
is no easy way to analyze and interpret data. The learning curve in creating the most appropriate visualization
for a given data type is very steep also for them, and only after many attempts they are able to find
visualizations that are really helpful in raising their self-awareness. Naive users, on the other side, are not
willing to spend long time in learning how to make the display of their information effective. Immediacy and
intuitiveness are their most common requirements, as they prefer the possibility of quickly gaining insights to
be immediately used in their daily activities, rather than the opportunities of widely exploring and navigating

their data from different points of view.

Naive users are also less goal-driven than experienced users (Li et al., 2011), as they rarely think to have
specific objectives to reach through the use of self-tracking technologies. Rooksby et al. (2014) reported how,
for most of their users, tracking was directly related to self-esteem, tied to pride at completing a marathon or
body-images problems, aging and mental health. Naive users, instead, by not having clear how these
technologies could help them achieve their personal goals, wish for immediate perceived benefits: they want
the tool to propose them personalized goals useful for their daily habits and everyday practices, based on the

data it continuously gathers.
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Finally, in this study we found how naive users experience and understand PI tools differently from
experienced ones. Experienced users integrate their self-tracking devices deeply into their habits and daily
practices, wearing them throughout all the day and taking them off just before sleeping, and describe a strong
attachment to them (Fritz et al., 2014). Conversely, tools provided to naive users were perceived mostly as
addressed to technology fanatics or people with special desires, but not so close to their needs and their view
on what technology should address. They often forgot to wear the bracelet provided, looking at it more as an
inconvenience than a precious object. Its aesthetics, as well as its integration among different social contexts
and practices, were considered essential requirements for these kinds of tools to be suitable for their daily

lives.

By and large, PI tools were used in a manner previously unclassified by Rooksby et al. (2014): we can refer to
this style as “playful tracking”. The playfulness of this form of tracking is related to the fact that naive users
did not take the self-tracking activity as seriously as experienced self-trackers do. They “played” with data
and experimented the tools’ features, primarily trying to figure out what kind of benefits they could gain in
interacting with them. This style is characterized by curiosity, exploration, serendipity, and willingness to
discover something of unexpected: “I was looking at how many steps I was taking every day, and I discovered
that the most interesting thing was how little I was sleeping. This was really cool... without this bracelet |
couldn’t ever have figured it out”, said P4, while P8 “It’s fun to see something that you didn’t expect. But
everything should be much simpler, immediate, otherwise a somehow entertaining activity inevitably becomes
a difficult and thus annoying activity”. They see tracking as an opportunity to discover something useful in
relation to their everyday lives, but, as long as they do not have clear objectives in their mind, they do not
want to invest too much energy and time in this task. For people characterized by this style of tracking, fun
and surprise are essential elements to get involved in the use of such technologies. They want to be
immediately engaged in an experience that can be enjoyable per se, quickly showing how these tools could
provide them with useful insights. They use these technologies mainly to satisfy their curiosity to find
unexpected aspects of their behaviors, while the raise in self-awareness that could come from this activity is a

welcomed side-effect that, however, is not intentionally pursued at the first stages of their experience.

Main issues Specific issues Similar findings in previous | Different findings in previous

research with experienced | research with experienced users
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users

Tracking

Data

Issues in

collecting data

manually

Li et al. (2010) and Choe et al.

(2014) highlighted how

experienced users find
burdensome tracking their own

activities.

Li et al. (2010) showed that experienced
users switch to another tool when they
are not satisfied, while Choe et al.
(2014) reported that they can even build
their own tool. We showed that naive
users do not struggle to manage the
burden of tracking data with “home
made” solutions, but they want the tool

to simplify this laborious task for them.

Issues
automatically

collecting data

1

Fritz et al. (2014) showed that
experienced users integrate P devices in
their life, wearing them almost all the
day and night. We showed that naive
users found wearable devices difficult to

integrate in their everyday practices.

Insufficient

provided by tools

help

/!

Naive users question the helpfulness of
the tools, not being satisfied of the
actual support, while experienced users,
as highlighted by Choe et al. (2014),
often try to find a solution by

themselves, knowing the limits of the

current technologies.

Although alerts can be annoying also for
experienced users, Li et al. (2011)
highlighted how it is possible to force
users to interact with their data daily,
either by sending reports or reminders.
However, naive users show to scarcely

bear this kind of support, stressing that
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other types of help are needed.

Managing

Data

Lack of integration

Li et al. (2011) and Choe et al.
(2014) reported that
experienced users experience
difficulties in interpreting their
data, by having them scattered

among a variety of different

tools.

Li et al. (2011) showed that experienced
users manage to explore their data
together, by using paper graphs or by
reviewing their logs. We highlighted
that naive users request a ready-to-use
rather weak

solution, showing a

motivation in working on their data.

Choe et al. (2014) reported that
experienced users formulate hypotheses
to test, while we stressed how naive
users ask for more intelligence in the

tools for recognizing useful correlations.

Lack of control

Fritz et al., 2014 noted how
experienced users have many
concerns about privacy issues,
while Rooksby et al. (2014)
noted how they are not inclined
to share personal information to

generic social networks

We showed that naive users have a
deeper fear of losing their data and are
less inclined to compare them with
friends for competition purposes, as
done by experienced users (Fritz et al.,

2014).

Visualizing

Data

Excess of abstraction

Choe et al. (2014) highlighted
how the learning curve for
creating the appropriate
visualizations is very steep for
experienced users, stressing

how they often find difficulties

in displaying their data.

Fritz et al. (2014) showed that

experienced users focus more on
quantitative data, while we noted how
naive users prefer impressionistic and

intuitive representations.

Choe et al. (2014) outlined how
experienced users are willing to try
useful

many attempts to find

visualizations, while naive users are not.

34




Lack of synthesis and | // Li et al. (2011) showed that experienced
suggestions users are goal-driven, while we found
that naive user are less inclined to set

their own goals.

Differently from experienced users, the
usage of these tools is not directly
linked with naive users’ self-esteem

(Rooksby et al., 2014).

Using Data Perception of utility Li et al. (2011) highlighted how | Experienced users use PI technologies
these tools are used also for | as means to reach their objectives, while
remembering and assisting in | naive users perceive these tools far from
behavior change. themselves. They think they are suitable

for patients, or technology enthusiasts.

Long-term usage // Rooksby et al. (2014) listed four
different tracking styles for experienced
users. We defined a new tracking style

specifically addressed to naive users.

Table 4. Comparison of our findings with previous research

These points highlight how naive users have different needs, desires and attitudes from those of experienced
users. They can be pushed in trying one PI tool by the suggestions of friends or significant others, the
exposure to commercial ads, news or reviews, a casual glimpse to a device that attracts their attention.
However, if these instruments will not be able to engage them immediately, quickly presenting how self-
tracking could improve their daily life and wellness, and sustain their motivation, they will most be likely
discharged and abandoned soon. In other words, they will never be able to discover the usefulness of
collecting and exploring their personal data, because a premature abandonment will prevent them to develop
goals and figure out how the information gathered could be integrated in their everyday activities.
Experienced users know the potentialities of these kinds of technologies, but also their limits, and they strive
to solve the problems they may encounter on their own; instead, naive ones want all these issues to be

managed by the tools themselves, and request proactivity, intelligence and immediacy from them.
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6. IMPLICATIONS FOR DESIGN

As we showed, designing technologies to help naive users gain self-awareness through self-monitoring is
complex, since many practical issues affect their usage in everyday life. In this section, we want to move from
the concrete findings yielded by our empirical work to the definition of a series of design strategies, intended
as recommendations for the design of PI tools, in order to solve some of the most common barriers we
encountered in their adoption. Empirical research can yield concrete results that can be applied to create
design guidelines (Hekler et al., 2013), as done, for example, by Balaam et al. (2011), which defined a set of
guidelines for motivating patients in stroke rehabilitation programs, starting from the findings collected
during participatory design sessions. This type of work, thanks to its wide applicability to design, is an

essential component of HCI research (Hekler et al., 2013).

We divided our design strategies in the four categories (tracking data, managing data, visualizing data, using
data) derived from our diary study results (Section 4). For each category, we present some of the main issues
found in our empirical work and the proposed design strategies to address them. Each design strategy is
grounded in the findings gathered during the diary study and further supported by literature and examples,
looking at different research fields, such as tangible interfaces, virtual environments and video games. We
claim that applying insights coming from these fields could enhance PI tools making them more suitable to
the users’ needs. Some of these strategies explore paths not yet covered by any PI tool (1, 3, 4, 6). Others
stress the importance of continuing along lines of research already explored within some applications:
however they emphasize the need of improving or reinventing them, by suggesting, for example, to look
beyond the most common gamification elements (7) already employed in some PI tools (e.g. Niket), or by
looking at user modeling techniques for solving privacy issues (2) and designing recommendations based on
behavioral data (5). Finally, in proposing our strategies, we mainly focused on those issues that have not been
addressed yet in other research applied to PI field. For example, significant steps ahead in regard to the
integration of data were made by Bentley et al. (2013), who designed a system that correlates information

from multiple sensor inputs and phone apps: then, we believe that it is not necessary to stress this point here.

To give them more concreteness, we start outlining a Persona, Marc, which will be then enacted in different

scenarios to better describe the strategies suggested.
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Scenario. Marc is 33 years old, engaged, and lives alone in a small flat. He works as a librarian and has a
quite sedentary lifestyle. He uses his desktop computer at home for internet browsing, playing and staying in
touch with his friends. Even if he has a smartphone, he does not use all its features: he only has a few apps
that he thinks are truly useful for him. Mark values wellness, happiness, friends, nature and travels. He feels
he needs to do more physical activity and gain awareness of some aspects of his everyday life that sometimes
prevent him from truly relaxing. These desires, however, have not been realized, since Marc does not believe

that he has time, motivation and energy to explore himself deeper and make some kind of change in his habits.

6.1 Tracking data

Issues. Manually collecting data is cumbersome. Although it is possible to imagine that in the future a variety
of behavioral data will be tracked automatically thanks to the advancement of ubiquitous and wearable
technologies, many aspects of people’s behavior, such as emotions, will continue to rely on self-reporting, as
they involve cognitive and interpretative components (e.g., emotional states still have a physiological part,
which could be detected automatically by sensors, but also a cognitive part, which gives meaning to physical
sensations and have to be interpreted and reported by the user). Thus, PI should find new ways to reduce the

burden of self-monitoring.

Design strategy 1: Remind and motivate the act of self-reporting. Enhance user’s engagement and motivation
in reporting her data, by making the task of self-reporting “visible” and by fostering the development of an
empathic relationship between the user and the PI tool. Use tangible interaction to involve people in tracking
their personal data, as physical objects can remind them, by sheer presence, the act of self-reporting. On the
other side, develop an emotional connection between user and tool, by exploiting the tendency of people to
relate to computers in a social manner. By building systems able to trigger empathic reactions, users can be

encouraged to report their data.

Rationale. This strategy aims at enhancing the involvement of users in tracking their own data. Tangible User
Interfaces (TUIs) have emerged as a new type of user interface that leverages physical representation for
linking the digital and physical worlds (Shaer and Hornecker, 2010). TUIs have proven to be more inviting
than Graphical User Interfaces (GUIs) when a given task is not appealing enough on its own (Horn et al.,

2010). It has been showed that TUIs provide a more engaging experience too, increasing the number of
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repeated activities accomplished by users (Xie et al., 2008). Using physical objects to track personal data can
make this activity stimulating and enjoyable, since i) users are more physically involved, ii) the interaction
can provide richer feedback, and iii) the experience is perceived as more real (Zuckerman et al., 2013). TUIs
can materialize the task of reporting data in an object, reminding it to users simply through their physical
presence. On the other side, research on virtual agents pinpoints how both the ability of expressing empathic
emotions and the capability to trigger empathic reactions in users could bolster the interaction with
computers, inspired by the way humans interact with each other (Ochs et al., 2012, Paiva et al., 2014). Studies
conducted to assess how empathy affects people’s attitudes towards robots found that participants who
observed robots showing empathic behaviors perceived as closer the relationship with them (Cramer et al.,
2010), and the robot itself as friendlier (Leite et al., 2013). Supporting the development of this emotional bond
through design can encourage users to tell the tool how they feel and behave, by creating a trusted connection

that can reflect the relation between therapist and patient.

Scenario. A TUI positioned on Marc’s desk reminds him, only with its presence, to track his emotional states
every time he returns at home. The TUI shows him, through its colors, how much time it has passed since the
last registration. Marc, then, by rotating the object, reports his data. This causes a change in the physical
state of the object, which reflects his emotional state and shows an empathic response. For Marc, then, it is

like telling something to a significant other, rather than to an inanimate artifact.

6.2 Managing data

Issues. Users perceive a lack of control on personal data. Data privacy management is crucial in establishing
users’ trust toward PI tools. Losing control is the biggest fear among user. As long as conserving, sharing and
deleting information are not considered under users’ decision, it is hard to make them rely on the systems they
are using. PI tools should give users the control on their personal information. Furthermore, people experience
a sense of inadequacy in finding insights among the data collected. In clinical settings, interpretation is
usually provided by the therapist/physician, while experienced users can rely on their experience in dealing
with difficulties related on the management of their data. Naive users, instead, are left alone in understanding

their personal information.
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Design strategy 2. Give users the power over their data. Give users the control on their data, making them
perceive that they totally own what they have gathered. Leave them free to decide which data to store, where,

for how long, to which purposes, whether to share and with whom.

Rationale. User control is the key to overcome privacy issues when we are dealing with many personal
sensitive data, as happen in pervasive environments (Kay and Kummerfeld, 2006). Several studies
(Knijnenburg and Kobsa, 2013; Wang and Kobsa, 2007) have showed that people's privacy preferences differ
to some extent: there are some users that are more jealous of their personal information, while others are more
willing to share them with other people. A solution in User Modeling (Brusilovsky, 1996) field is to make the
user model scrutable, i.e. enabling users to inspect the model built on their data and to set their preferences
about privacy management. Traditionally, scrutable user model is applied to e-learning systems in order to
allow learner to inspect her goals (Bull and Kay, 2007). Allowing users to explore all the data the PI systems
store about them, giving them the possibility to share what they like and “forget” what they want is important

to improve trust towards these new kinds of technologies.

Scenario. Marc has just discovered a unexpected correlation among his physical activity and his sleep
quality. Although he wants to compare these data with those of his girlfriend, Elisa, he is not willing to expose
them on Facebook. He decides to send these patterns to Elisa. After a quick look at what he has eaten the day
before he decides to set the "memory” of the tool on this specific behavior to one day. He prefers his food

habits to be stored only for a short time span.

Design strategy 3. Leave users free to help each other. Allow users to become part of a small group of
trusted friends, where they can share their personal information, compare what happened to them and find

useful suggestions that can arise from the collective discussion.

Rationale. Naive users require more intelligence in PI tools in managing their personal data. However, actual
instruments seem not to be able either to highlight correlations relevant for the individual or to suggest which
events are the causes of others. This strategy proposes to rely on the collective human intelligence to provide
users with the insights they are searching for. In mutual-help groups, individuals that have a common problem
meet regularly to support reciprocally. In these groups, all the members are considered peers and can give and
receive help: friendship relationships among them can further relieve the stress factors that usually prevent the

search for help (Humphreys et al., 1999). By having users in small groups with a common aim, in which each
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member can share her personal data with others, it is possible to compensate for the lack of intelligence of the
current PI tools: individuals could then exchange their points of view, by suggesting each others correlations
and causations based on their personal experiences. The creation of a trusted intimate space, fostered by the
development of friendship relationships, could further invite users to expose themselves and their data,

overcoming the widespread diffidence in making them public.

Scenario. Looking at the trends of his monthly data, Marc has just discovered that when he goes for a run he
often has trouble in falling asleep. However, by sharing these data in the group he belongs to, he becomes
aware that another explanation is possible. Two friends of his left him a message, making him note that the
problems related to his sleep are likely to connect with the type and the quantity of food he has eaten in those
days, rather than with his physical activity. Thinking about it, Marc contacts them privately asking for further
explanations. So, he convinces himself that the real problem relies in the excessive quantity of food that he is

inclined to eat immediately after a run.

6.3 Visualizing data

Issues. Visualizations are neither meaningful nor tailored to the user needs. People are not very familiar with
visualizations of quantitative data that PI tools usually provide them. The data presentation should
immediately engage users, giving sense to their self-monitoring activity. Furthermore, personalized goals,
reports and suggestions on how they can address the issues found in the data collected would make the usage

of PI tools more meaningful.

Design strategy 4. Mirror the user. Reflect user in an image that she can recognize, at the same time, as
herself and as something else, as usually happens when a player identifies with her avatar and simultaneously

feels a sense of attachment that leads her to improve it.

Rationale. Naive users encounter difficulties in mirroring themselves in abstract representations of their data,
finding them cold and aseptic. This strategy proposes to present the user’s personal information in a way that
can support her identification and promote the development of an emotional bond with the visualizations
provided, in order to enhance user’s self-reflection. Avatars give the user the possibility to reflect and identify
herself in an alter ego. Avatar identification has shown to be positively correlated with enjoyment in games

(Hefner et al., 2007) and satisfaction and retention in virtual worlds (Ducheneaut et al., 2009). Moreover,
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individuals tend to establish an emotional link with avatars, which resembles the level of intimacy one
experiences when interacting with a close other (Ganesh et al., 2004). Data driven avatars, for example, could
engage users in exploring their data supporting identification with them. Furthermore, they could also make
data emotionally closer to users. Finally, showing both avatars based on current user behavioral data and ideal
versions of them, representing the user’s future and desired end states, could motivate her to put forth her best

effort to achieve such ideal images, maintaining, for example, healthy lifestyles (Kim and Sundar, 2012).

Scenario. Every evening, Marc visualizes his data. The system provides him with an impressionistic image of
his self through an avatar, based on the data he collected during the day. Marc then explores in details the
evolution of his alter ego in the last month, noting a positive trend in his physical activity. He wants to
improve the characteristics of his avatar, and thus of himself, to reach the optimal state represented by the

maximum possible grade of evolution of his digital representation.

Design strategy 5. Provide personalized reports, goals and suggestions exploiting narrative forms of
presentation. Provide users with personalized resumes of their daily data, objectives for improving their
lifestyles, and hints related to how to achieve them, suggesting behaviors to follow and explaining the
motivations of the recommendations provided. Exploit narrative mechanisms to present these information to

the user, in order to enhance her engagement.

Rationale. Naive users need to perceive the benefits that PI tools can provide them in their everyday lives.
This strategy aims to support users in attaining their goals by providing personalized recommendations. PI
tools could facilitate personal goal management, by employing a lifelong User Model (Kay and Kummerfeld,
2009), which has the potentiality of integrating data provided by different PI tools in a complex model of the
user, that evolves on the basis of her behavior and can drive tailored suggestions for achieving personal goals
even in the long term. In conjunction with techniques employed in Recommender Systems (Ricci et al., 2011),
commonly used to reason on user data in order to suggest e.g. items to buy, or movies to see, a lifelong User
Model could help users become aware of their faults and find a solution based on their past and current habits.
Furthermore, as naive users are bewildered by the overabundance of numeric information and require daily
reports to understand the data they collected, this strategy suggests to present this information in a narrative
form, and connect it with the recommendations provided. Narratives, in fact, not only played a fundamental

role in all the cultures in preserving and transmitting information, but also provided those connections to the
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facts that can make them memorable (Austin, 2011). Data presentation techniques can then look at the ways

through which the stories are narrated, in order to provide information (Gershon & Page, 2001).

Scenario. Marc is in Vienna for a business trip. It is morning and he wants to go out for a jog. The PI system
provides him with some short suggestions based on his user model. The system recommends Marc to run for 4
miles that day, as it knows his habits and his needs: this week Marc has not done a lot of physical activity and
he needs to maintain at least last month’s average in order to preserve his condition. The system explains the
reasons behind this suggestion connecting it with the story of his past days. Then, it indicates a route that
passes through three different gardens: the system knows, thanks to the user model, that Marc likes that

setting.

6.4 Using data

Issues. Users need to relive the episodes connected to their data for gaining meaningful insights, while their
motivation can rapidly decrease when they do not find immediate benefits in their everyday usage. Naive
users showed that spatial cues are essential in the retrieval of memories that can enrich the meaning of the
data collected: without remembering the episodes related to their data, users perceive them as scarcely useful
for gaining insights. Moreover, on the one side PI tools show most of their benefits in the long term, when
users are able to see the benefits of an increased self-knowledge. Nevertheless, many practical issues cause a
rapid user disengagement. On the other side, PI tools can also be used for specific moments in time and for
specific purposes. However, if users are not capable of understanding the value of their data even from their
first self-tracking attempts they will never develop such purposes. PI tools should associate appealing
meanings to the self-tracking activities and find ways to motivate users in the first phases of usage, preventing

their immediate abandonment.

Design strategy 6. Give the user the opportunity of reliving her data. Provide users with contextual
information that are able to trigger a reminiscence process, as memories are fundamental in adding meaning
to the data collected. Rely especially on spatial cues for eliciting the user’s memory, as space is a fundamental

dimension strongly connected to the individual’s past.

Rationale. Users need contextual cues for re-experiencing the data they gathered. This strategy proposes to

sustain the episodic memory of the user, by anchoring her personal data to the spatial dimension. Episodic
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memory, in fact, is a personal registration of past events, which records information located in a time and in a
space (Tulving, 1972). These types of memories are encoded according to a momentary context, mainly
connected with what, where and when (Wheeler et al., 1997), which should be part of the reminiscence
process. Following also the work of Li et al. (2012), which use contextual elements to support reflection on
the factors that affect user’s physical activity, this strategy instead stresses the importance of the spatial cues
to trigger a reminiscence process that can enrich the meaning of the data collected. Spaces, in fact, are deeply
connected with the people’s emotional past experiences, as stressed by our users, and through them it is
possible to favor the re-experience of the conditions in which particular data were tracked, adding more value
to them. Research in location-based reminders also suggests the importance of space in triggering the

remembering process (e.g. Beigl, 2000).

Scenario. [t is evening and Mark is looking at the data related to his mood. He notices, with no little surprise,
that he had a peak of good mood three weeks before at seven o’clock. The system then shows him that in that
moment he was running in the park, just before going to work, an unusual episode for Marc. Thanks to the
cues that the system provides him, Marc remembers the air, the silence, the light and the sense of peace and
wellness of that morning, and the fact that he intended to make more physical activity just at the beginning of
the day. By becoming aware that he never followed this proposition, he starts to think that he should

experience again those feelings in the next days.

Design strategy 7. Sustain user motivation in the whole user journey by leveraging both extrinsic and
intrinsic motivations. Use game elements to transform the core activity of self-monitoring in a playful
experience. By providing different gamification strategies targeted to the different phases of the user journey,
it is possible to trigger a rapid involvement, which could be helpful until users develop intrinsic motivations

to support the use of PI tools.

Rationale. Naive users showed that they search for an immediate gratification when using a PI tool and that
they are not willing to wait for gaining the benefits promised. Using game elements in PI instruments can
make the tracking experience more enjoyable and fun, changing the perception that users may have of it.
Gamification (Deterding et al., 2011) has showed to be an effective strategy to enhance user motivation and
participation in a variety of contexts (e.g. Barata et al, 2013, Cechanowicz et al., 2013). Relying on extrinsic

motivation, usually fostered by this design technique (e.g., Mekler et al., 2013), can relief users from the
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burden of tracking data, allowing them to gain immediate rewards. This can overcome the “cold start” in
using PI instruments, as long as users autonomously understand their importance and value. However, using
only extrinsic rewards should be carefully considered, because of a potential detrimental effect on the users’
intrinsic motivation, impoverishing the overall experience the system can provide (Deci et al., 1999).
Nevertheless, how to employ game elements to elicit also intrinsic motivations in non-game contexts is
started to be investigated: by leveraging the social aspects of games, such as cooperation among groups, and
by providing rewards that incorporate different values, such as power and reputation, it is possible to satisfy
the needs of competence, autonomy and relatedness that support the development of intrinsic motivations
(Rapp, 2015). In this manner, it is possible to foresee different gamification strategies along the user journey,
where in the first stages extrinsic rewards can quickly involve users, and in the later ones intrinsic motivations
can support a long-standing engagement. Nevertheless, it is important to highlight how this engagement
should be pursued in regard to the practice of self-tracking, rather than in relation with a single tool. Users can
take advantage of a tool for a while and for a specific purpose, and then abandon it or change it with
something else. However, if they will become aware of the value of collecting and using personal data, they
could easily start again to self-track when a different need will arise. For this, the gamification strategies we
pointed out here should be designed to be effective among different platforms and instruments, supporting the

switching of PI tools, or the abandon and resume of the self-tracking activity.

Scenario. Marc has just started to discover a new PI application. What he likes most is the fact that tracking,
managing and visualizing his own data has become a sort of a game. At first he plays without caring much of
the outcomes that this activity can have. As the time passes, he becomes aware of the benefits of knowing
himself: the game is not played to obtain extrinsic prizes anymore but with the willingness and consciousness

of doing something that produces valuable outcomes for him.

7. CONCLUSION

Results of our study highlighted some criticalities experienced by naive users in dealing with current PI tools.
Naive users showed poor compliance in self-monitoring. Without a strong initial motivation to investigate
their own behaviors, self-tracking activities were dealt with scarce continuity, perseverance and accuracy.

They most likely started with curiosity for a new class of tools that promised some kind of improvement in
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their daily lives. PI technologies were not able to keep these promises: many practical issues prevented users
to become deeply engaged, leaving their potentialities hidden as well as their benefits in promoting self-
awareness and self-knowledge. Naive users wanted to minimize their efforts and maximize results: moved by
unrealistic expectations, they became easily disappointed by what they felt to be cumbersome tasks,

ambiguous representations and unintuitive interaction modalities.

We identified seven design strategies to overcome some of the issues highlighted throughout our empirical
work. We are aware that these strategies do not address all the issues we found in our research. We only tried
to take one step in this direction, proposing recommendations that aim at opening spaces of reflection that are
deserving of further investigations. We hope that these strategies will benefit designers of PI systems, raising
awareness of the intrinsic limits of the current PI tools, and showing them some directions to explore in

subsequent research.
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