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Abstract. Personal Informatics systems collect personal information in order to
trigger self-reflection and improve self-knowledge. Users can now choose among
different wearable devices for collecting these data according to their needs and
desires. These tools exploit not only different shapes and physical forms, but also
diverse technologies and algorithms, which may impact the effectiveness of data
gathering. In this paper we explored whether there are significant differences in
their reported measures and how these can impact the user experience, along with
the perceived accuracy of the gathered data and the perceived reliability of the
device. To this aim, we carried out an autoethnography which lasted 4 weeks,
monitoring the number of steps and the distance covered during the day and the
sleep period through different wearables. The results showed that there are wide
differences among diverse tools and these differences greatly influence how data
collected and devices used are perceived.
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1 Introduction

Technological advances in wearable and ubiquitous technologies have recently opened
new opportunities for Personal Informatics (PI). These systems aim to leverage sensors
and mobile devices for collecting personal information in order to trigger self-reflection
and enhance self-knowledge [1].

While first PI systems were employed mainly in clinical purposes for supporting
patients in self-tracking dysfunctional behaviors or problematic medical conditions, they
were then adopted by researchers, technical fanatics, and members of the Quantified
Self community. Quantified Selfers use them to discover factors that may influence their
behaviors, and are engaged in self-experimentation, i.e. the practice of systematically
changing aspects of daily lives in order to discover variables that affect physical param‐
eters, psychological states, and, by and large, aspects of daily life [2, 3]. However, thanks
to the recent diffusion of wearable devices on the market, we are assisting to the
commercialization of a plethora of tools that track a variety of personal information,
from steps to sleep, from posture to arousal levels, from heartbeat to blood pressure.
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These instruments take mainly the form of wearables that users can choose according
to their needs: for example, physical activity can be traced by necklaces (Misfit Shine),
bracelets (Jawbone Up), watches (Apple Watch), or mobile apps that run on the user’s
smartphone (Moves). All these technologies measure steps by leveraging not only
different forms, that can be differently integrated in people’s daily lives and personal
styles, but also different technologies and algorithms, which can affect the data accuracy.

Moving from these considerations, we aimed at understanding whether there were
significant differences in the reported measures and their possible causes (e.g., charac‐
teristics of the device, the position in which they were worn, etc). Moreover, we aim at
studying the possible effects of these differences on the perceived accuracy of the gath‐
ered data and on the consequent perceived reliability of the device. To this aim, we
carried out a four-week autoethnography, monitoring the number of steps, the distance
covered during the day and the sleep period with different devices. The results of the
study are somehow surprising: (i) the gathered data for the same target parameter were
very different depending on the device used, and the difference depended mainly on
where the devices were positioned and on the user’s habits; (ii) this affected the perceived
reliability of the devices fostering the research of alternative strategies for accounting
the data collected.

The paper is structured as follow. Section 2 provides the most relevant related work
in relation of technologies for self-tracking and their reliability. Section 3 provides a
picture of the practice of autoethnography both in anthropology and in Human-
Computer Interaction. Section 4 describes the setting of our research while Sect. 5
describes its results. Finally, Sect. 6 concludes the paper providing the future directions
of the work.

2 Related Work

Different works have explored how users perceive accuracy and reliability of wearable
devices and ubiquitous technologies.

Kay et al. [4], for example, investigated how users perceive accuracy, finding how
they react negatively when perceive inaccuracies and which kind of unrealistic expect‐
ations they have about their weight. Lazar et al. [7], in their study on why and how users
abandon their smart devices, noted how they place a great deal of importance on accu‐
racy, impacting the kind of devices they choose and keep using, and being one of the
main cause of the abandonment of these self-tracking tools.

Consolvo et al. [5] found differences in participants’ reactions to diverse kinds of
errors in detecting data. They found seven types of errors made by the fitness device
they were evaluating: (i) errors in the start time; (ii) errors in the duration; (iii) errors
about confusing an activity it was trained to infer with another it was trained to infer;
(iv) errors about confusing an activity it was not trained to infer with one it was trained
to infer; (v) failures to detect an activity it was trained to infer; (vi) failures to detect an
activity it was not trained to infer; and (vii) errors in detecting an activity when none
occurred. Participants were particularly frustrated when the device failed to detect any
activity when they performed an activity that the tool was trained to infer, or when the
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device detected an activity when none occurred: these two kinds of error questioned the
overall credibility of the device. The other type of perceived error that had a great impact
on the device’s credibility was when the device detected an activity when none occurred.

Mackinlay [8], instead, focused on how users test the accuracy of a device’s meas‐
urements, reporting barriers in evaluating and bettering the accuracy of their data due
to the limited visibility of the system’s status that undermined the users’ endeavors in
calibrating and testing the device.

Yang et al. [6] analyzed 600 Amazon reviews and interviewed 24 participants
describing the different methods that users employ to assess accuracy of their self-
tracking devices identifying the issues they encountered. They found that differences in
users’ expectations, physical characteristics, types of activities and lifestyle made them
to have different perceptions of the devices’ accuracy. The authors conclude how it is
essential to focus on how users perceive and assess accuracy of their data in order to
determine the reliability of the self-tracking devices. They further suggest (i) to support
testability, (ii) to increase transparency of what these instruments can and cannot recog‐
nize and (iii) to allow for ways to calibrate the device to personal movement patterns
and purposes, enabling users “to record unique movements into a device to let the device
know which movements to record and which to ignore” [6].

3 The Autoethnographic Method

We employed an autoethnographic method in order to detect differences among different
self-tracking devices and the impact they may have on the user experience. Autoeth‐
nography is an ethnographic method in which the fieldworker’s experience is investi‐
gated together with the experience of the other social actors observed. It is considered
valuable on its own and it is reported in the ethnographic recounting [9]. This makes
autoethnography close to the autobiographical genres of narration, tying the personal to
the social and the cultural in a multi-level form of description of reality [10]. The
autoethnographer uses her self-observation and the episodes happened to her as a starting
point to make reflections on cultural and social accounts, for returning then to her self
and her interpretations of what she observed.

“Autoethnography requires that we observe ourselves observing, that we interrogate
what we think and believe, and that we challenge our own assumptions, asking over and
over if we have penetrated as many layers of our own defenses, fears, and insecurities
as our project requires” [11]. Goodall [13] stresses that good autoethnography
“completely dissolves any idea of distance, doesn’t produce ‘findings,’ isn’t generaliz‐
able, and only has credibility when self-reflexive, and authority when richly vulner‐
able… When it is done well, we can learn previously unspoken, unknown things about
culture and communication from it”

Autoethnography has been employed in HCI for evaluating technologies and gaining
empathy with users of various types of devices [16]. It has been used in autobiographical
design as a design research method that “drawing on extensive, genuine usage by those
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creating or building the system” allows designers “to uncover detailed, subtle under‐
standings that they likely wouldn’t have found with other user-centered design
techniques because they might seem unremarkable” [14].

The recent popularity of this kind of self-study has to be retraced to the need of
finding less-demanding techniques than traditional ethnographic methods, which are
very expensive in terms of time and costs [15]. “Typically, ethnography will take place
over a period of several months with at least the same amount of time spent in analysis
and interpretations of the observations” [Bentley]. So they can be inscribed in those
approaches called as “rapid ethnography”, which aims to understand users and their
environments in a shortened timeframe [18].

O’Kane et al. [16], for example, used autoethnography for evaluating a wrist blood
pressure monitor used by people with conditions of hypertension. They found that this
method enables researchers “to understand and empathize with the experiences mobile
device users can face in difficult to access contexts”, allowing them “to better understand
user experiences with mobile devices, including mobile medical technology, especially
during non-routine times that can be difficult to study in-situ with traditional user
studies” [16]. By using this method we tried to overcome the difficulties in observing
users in private setting, such as during sleep, gathering a variety of data that would have
been impossible to collect otherwise.

4 Ethnographic Setting

In the light of the aspects identified above and the chosen autoethnography methodology,
we choose for a four week session of self-observation wearing different kinds of wear‐
able devices.

The parameters that we decided to compare were the steps and the estimated distance
covered during the day and the total amount of sleep (also segmented into light/heavy
sleep and awake time) for each sleep cycle.

The wearable instruments have been differentiated depending on the model and the
position on the body; it was also used an application running background on the phone
in order to collect data during the day (steps and distance).

The purpose of the experiment was to understand, in an explorative way, whether
there were significant differences in the resulting measures and whether they could be
attributed to the characteristics of the devices or to the position in which they were worn.
The objects chosen in particular were the following, each one placed in a different posi‐
tion on the ethnographer’s body (the first author):

• Withings Activité on the right wrist: the Withings Activité is primarily a classical
watch that also measured steps and sleep, it does not require to be recharged and it
is waterproof, this will let you keep it continuously with no need to ever separate
from it.

• Shine Misfits necklace: the Misfits Shine is a waterproof unit that can be worn in
various positions, the one that offers the least friction is the use in combination with
the necklace accessory. It does not require to be recharged.
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• Sony SWR30 on the left wrist: the Sony SWR30 is a hybrid between a smartwatch
and a wristband. It has indeed both telephony and logging features. It is waterproof
and requires to be briefly recharged every 5/6 days.

• GoogleFit application running background on a Sony Xperia Z3. This application
uses the accelerometer of the phone for the steps estimation and the GPS signal to
calculate the distance covered.

The starting hypothesis has been that the recorded data would not suffer the influence
of the body positioning, recording approximately the same values regardless of the
device used. The app on the phone has been used as a method of comparison between
wearable and non-wearable paradigm. Actually the result has been quite surprising. In
the four weeks period the recorded data resulted completely different especially as a
function of the body positioning of the device and the distortions in the accuracy caused
by the peculiarities of the personal lifestyle.

5 Results

Analyzing sleep related data, there were several interesting findings, particularly related
to the aspects that follow.

Regarding the sleep total amount logs the data results reliable with negligible devi‐
ations in the order of minutes. However, it has emerged as the sleep total amount
recorded by the Misfit Shine worn as a necklace is always higher of about thirty minutes.
This point, in relation to the personal experience appears due to the fact that the necklace
considers the horizontal still position as “sleeping” not taking into account that in fact
the user might be lying reading a book before falling asleep. So the sleep total amount
will always be increased by the reading time in the bed. Furthermore, by comparing the
data with the personal observation it is clear that the device with higher accuracy results
the one worn on the right wrist (Withings Activité). This is because the right wrist makes
possible to discriminate the browsing of pages in a horizontal still position as “non sleep”
(obviously in the case of a left-handed user the most discriminating device would be the
one on the left wrist).

What emerged in a rather surprising way is the total discrepancy between the different
devices about the light sleep and deep sleep data. It was not possible to discriminate any
specific reason related to the positioning of the device for the differences in the data
collected, so we have to hypothesize that the cause relies in the poor quality of the algo‐
rithms that discriminate against the two types of sleep. About the steps logging the following
evidences have emerged. The total steps amount is strongly affected by the location on the
body on which the device is worn and the wearer’s activities dictated by his specific life‐
style. Indeed in relation to the data collected by Withings Activité on the right wrist it has
been observed that on days in which the tester has performed much talk in public (meet‐
ings, presentations, etc.) steps were very biased towards high figures due to the gesticula‐
tion of the speech. On the other hand the opposite effect was found in some other lifestyle
variables. In particular, the data has been surprisingly distorted toward low figures for the
device worn on both wrists for two conditions. The first one is about walking while pushing
a stroller. In this case probably the algorithm does not register the dangling of the hands and
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does not log the activity as steps. The second one occurs walking while carrying a moder‐
ately heavy bag (e.g. a small suitcase) depending which hand holds the bag. Lastly we
recorded a highly distorted steps data toward low figures for the phone app due to the fact
that the device failed to record in all the occasions when the phone was placed outside of the
user’s pockets (e.g. weekend, sports, home, etc.).

About the covered distance the data appear completely unreliable: this does not seem
due to the position on the body but mainly in relation to the calculation algorithms
embedded by the device manufacturer. The conversion from steps to distance covered
appears totally arbitrary, making this the more improbable data among the information
collected. The coupling of geo positioning does not seem to improve the accuracy since
most of the steps are made indoor on the same spot (gps geo positioning seems to work
better for outdoor sport situations, like running, hiking, etc.).

In general, on the weekend all the data appear distorted by incomplete or peculiar
usage of the devices due to different life activities (i.e. working in the garden, playing
with kids, etc.).

Because all the distortions in the measures noted by the ethnographer, however
unexpected, he developed a quite disturbing feeling. In particular, the ethnographer had
the impression that the devices were drawing, despite the limited nature of data collected,
a false self, an image in which the ethnographer could not identify himself. The impres‐
sion was that the measures were counterfeiting his self-perception.

In the light of these aspects that have become evident at the beginning of the autoeth‐
nography the ethnographer developed some strategies targeted to consider only the data
streams deserving good accuracy in relation with his personal lifestyle. For example,
the total sleep duration data stream he considered closer to reality was the one coming
from the right wrist (Withings Activitè). Instead, the accuracy related to heavy/light
sleep patterns remained completely unknown for the above reasons.

In terms of total steps instead the more accurate data stream was considered the one
provided by the Misfits Shine necklace as its position on the body was not affected by
the oscillation (or not) of the arms. Even in this case, however, the measures of the
distance covered and the calories burned appeared totally unreliable and obscure.

It appears that even if all the devices could be able to record several measures (e.g.
Sleep + Steps) no one resulted enough accurate in all the measures: this led to the neces‐
sity of splitting on two different devices, in two different parts of the body the recording
of the different data streams.

From these considerations some design insights can be derived such as the manu‐
facturer’s need to consider different designs for different usage styles induced by
different types of users with different habits (e.g. reading in the bed, pushing a stroller,
carrying a folder, gesturing or drawing a lot during work time). These could be
condensed into a few personas that can lead to different models of the same device or
different tracking algorithms on the same device. This customization may be transferred
directly into the experience of the user by collecting certain aspects of her habits that
may impact on the accuracy of the device, possibly also advising her on the best body
location in which to wear the device in relation to her personal lifestyle.
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6 Conclusion and Future Work

The goal of this paper is to study the differences in the measures reported by different
PI tools and to investigate possible causes, as well as to discover if such differences have
effects on the perceived data accuracy and device reliability. To this aim, we carried out
a four-week autoethnography, monitoring the number of steps, the distance covered in
a day and the sleep period through different tools. The results of the study showed that
(i) there are wide differences due to the device position and the user lifestyle, and (ii)
this lack of reliability requires the user to search for personal strategies for making the
data accountable.

The next step will be to study different devices with more subjects, in order to confirm
our initial findings. Moreover, we want to investigate in a deeper way the subjective
users’ perceptions with respect to the reliability of the device in relation to the accuracy
of the data gathered. We want also to study whether different visualizations may affect
the user’s perception of the reliability of the data collected. A further interesting experi‐
ment would be a comparison with data gathered through a specialized medical device
in order to evaluate which commercial device is actually more effective in terms of
accuracy.
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