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ABSTRACT 
Personal tracking technologies allow users to monitor and 
reflect on their physical activities and fitness. However, 
users are uncertain about how accurately their devices 
track their data. In order to better understand this 
challenge, we analyzed 600 product reviews and 
conducted 24 interviews with tracking device users. In 
this paper, we describe what methods users used to assess 
accuracy of their tracking devices and identify seven 
problems they encountered. We found that differences in 
users’ expectations, physical characteristics, types of 
activities and lifestyle led them to have different 
perceptions of the accuracy of their devices. With the 
absence of sound mental models and unclear 
understanding of the concepts of accuracy and 
experimental controls, users designed faulty tests and 
came to incorrect conclusions. We propose design 
recommendations to better support end-users’ efforts to 
assess and improve the accuracy of their tracking devices 
as required to suit their individual characteristics and 
purposes.  
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INTRODUCTION 
According to a 2013 Pew Research study, 60% of U.S. 
adults track at least one health indicator such as their 
weight, diet, or exercise routine [22]. With the availability 
and popularity of commercial tracking devices such as 
Fitbit, there has been a rapidly growing interest in sensor-
based tracking devices for monitoring personal health and 
fitness and the number of users is increasing.  

Personal tracking devices use various types of sensors to 
provide data about users’ physical activities such as steps 
taken, distance traveled, and calories burned [23]. Some 
devices monitor sleep quality and still others add sensors 
to track biometric data such as heart rate, perspiration, 
and body temperature (e.g., [24]). With these data, users 
want to track their activity levels as well as obtain insights 
into their daily behavior and health status [15]. 

While the popular reception to these technologies has 
been primarily positive, a growing chorus of critics 
caution users to be aware of how accurate or useful 
tracked data is, and in particular to avoid developing a 
flawed or incomplete picture about their activity level or 
health condition (e.g. [25,26]). Usability issues have been 
cited as a factor that make it difficult for users to test and 
improve the accuracy of their data [17], however, to 
address these issues we need a better understanding of 
how users perceive and assess accuracy. Armed with such 
an understanding, we can hopefully design more usable 
and useful devices that support users’ needs and practices 
around assessment. 

In this study, we set out to try to understand how 
important accuracy is for self-trackers and what processes 
they use to assess the accuracy (i.e., trueness and 
precision) of data measurements. To do this, we started 
where many consumers start when deciding whether or 
not to purchase a particular tracking device—with product 
reviews. By studying both positive and negative user-
contributed reviews of the most popular devices on the 
market, we were able to understand not only the most 
common successes and failures, but also the differences in 
individual motivations and usage patterns that led to both 
positive and negative outcomes. To help us calibrate our 
insights from the analysis of reviews, and to help us delve 
more deeply into the personal reasons behind users’ value 
assessments, we also interviewed 24 people who had used 
a fitness tracker for at least one month.  

The findings of our study offer three contributions to an 
understanding of how people perceive and assess the 
accuracy of sensor-based personal tracking devices. First, 
we found that users’ satisfaction with accuracy (trueness 
and precision) varied because personal tracking devices 
did not adequately attend to differences between user 
characteristics (e.g., physical characteristics, bodily 
movements, activities types, and lifestyle), as well as their 
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purposes and expectations for data accuracy. Second, 
while users had expectations of these devices, many did 
not have a sufficient understanding of how these devices 
work to detect and measure the phenomena of interest, 
and thus did not know how to assess data quality or 
measurement errors. Without a clear understanding of the 
relevant concepts of accuracy such as trueness, precision, 
types of errors, or experimental controls, users often 
conducted faulty tests and came to incorrect conclusions. 
Third, we identified seven types of problems that users 
encountered as they sought to assess accuracy of their 
personal tracking devices.  

Based on our findings, we offer design implications for 
personal tracking devices to better support end-users’ 
efforts to assess accuracy of their data including 
supporting testability, allowing greater end-user 
calibration, and increasing transparency to improve the 
usefulness of sensor-based personal tracking devices. 

BACKGROUND AND RELATED WORK 
Personal activity trackers [23] are devices worn on the 
body that help keep track of a various types of activity 
data about the wearer including steps taken, distance 
traveled, calories burned, and sleep quality. The most 
common sensing technologies used in these devices are 3-
axis accelerometers, which measure speed and direction, 
and altimeters to track the elevation of the device. Using 
these data, tracking devices make inferences to detect 
steps, running, and sleep quality. Additional sensors used 
in more advanced devices include skin temperature 
sensors, optical sensors to infer heart rate by measuring 
blood flow, and electrodermal response sensors to 
measure perspiration on the skin surface (e.g., [24]). 

User perception and reactions to errors  
Several studies have investigated how users perceive 
accuracy and react to errors that arise when using sensor 
technologies. In a study of everyday experience with a 
body scale, Kay et al. [8] examined end users' perceptions 
of accuracy. They investigated different types of 
unrealistic expectations people had of their weight data 
and negative reactions they had to perceived inaccuracies. 
They found that users’ perceptions of accuracy, precision, 
and resolution were often disconnected from the scales’ 
capabilities. In this paper, we are extending Kay et al. by 
looking at perceived accuracy of activity-tracking 
devices. We believe assessing the accuracy of such 
devices introduces new challenges, as personal-tracking 
devices produce more data points as they continuously 
track values such as movement and heart rate.  

Consolvo et al. [4] found that there were subtle 
differences in participants’ reactions to different types of 
errors. When participants gained workout credit for their 
non-workout activities, they were tolerant of errors. 
However, they were less tolerant of errors that failed to 
recognize their workout activities that they believed 
should have been detected. These errors led some users to 

favor doing exercises that could be credited, a 
phenomenon also noted in [7]. These studies indicate that 
the accuracy of self-tracking devices is an important 
matter as it affects users’ engagement and satisfaction 
with devices. 

While previous work identifies issues regarding users’ 
perceptions and understandings of accuracy of personal 
sensing devices, only a few studies have examined how 
users test the accuracy of a device’s measurements. For 
example, Mackinlay [17] described users’ difficulties in 
testing and improving the accuracy of their data, and 
attributed these difficulties to the limited visibility of the 
system status, which hinders user efforts to test and 
calibrate their device. However, we further consider the 
challenges and problems that users encounter as a result 
of the methods and processes they use to assess the 
accuracy of their device and explore how devices can 
better accommodate users’ testing practices.  

Along similar lines, Choe et al. [3] examined Quantified-
Selfers’ experiments and noted that their self-
experimentation often lacked scientific rigor. However, 
the purpose of Quantified-Selfer’s experiments ‘on self’ 
was to test their hypotheses or identify potential 
correlations in terms of their behavior, and not to assess 
the accuracy of the device measurement. The latter is the 
focus of our study. 

In summary, we believe designers and developers of 
personal tracking devices would benefit if there were 
additional work in understanding how users form their 
judgments and draw their conclusions on the accuracy of 
a device’s measurements. 

METHOD  
To better understand methods and processes discretionary 
users undertake to assess the accuracy of their personal 
devices over time, we drew upon two sources of data: 
Amazon product reviews and interviews with users of 
tracking devices. 

Amazon Product Review Data 
We began our study by looking at user-generated reviews 
from a popular ecommerce site—Amazon.com. Given 
that our interest was in understanding how users make 
sense of their devices and perceive the accuracy of their 
tracked data, we reasoned that product reviews based on 
personal experience would be a good source of data for 
our study since users post a positive or negative 
assessment of a device’s value.  

We chose six devices based on the overlapping but 
diverse range of features they provide and their popularity 
in the market: Fitbit One, Fitbit Flex, Jawbone UP24, 
Basis B1, Withings Pulse, and the Polar H7 heart rate 
sensor. The devices varied in form factor: three devices 
(Fitbit Flex, Jawbone UP24, and Basis B1) were 
wristbands, Fitbit One and Withings Pulse were clip-ons 
with a sleep wristband, and Polar H7 was a chest strap.  



Given the large number of reviews for each device 
(18,772 across all six devices), we chose to analyze the 
top 100 “most helpful” reviews for each device (using 
Amazon’s sort order), resulting in a data set containing a 
total of 600 reviews. Based on an initial read of the 
product reviews, we determined that the “most helpful” 
reviews were generally lengthy, well-written, and rich in 
personal detail, thus providing a valuable data set for 
analysis. Moreover, the “most helpful” reviews contained 
a balance of both positive and negative reviews.  

Interview Data 
While product reviews offer a good overview of the range 
of problems and benefits offered by the devices, Amazon 
reviewers may not represent typical users, and their 
stories may not represent common use cases. To help us 
calibrate our insights from the analysis of reviews, and 
also to flesh out a more nuanced understanding of the 
experience of using tracking devices, we interviewed 24 
participants who had used a fitness tracker for at least one 
month.  Each interview lasted about 45 minutes and each 
participant was compensated $20. The interviews were 
audio-recorded and transcribed. 

We recruited participants via various methods including 
recruiting emails, social networking sites, and contacting 
individuals who publicly posted about their experiences 
with fitness tracking devices. We selected the participants 
based on the type of device they used and the duration of 
their usage. We sought both current users and individuals 
who had stopped using their devices. We interviewed 13 
females and 11 males. Nine participants had stopped 
using their trackers for various reasons including 
motivation loss, reduced curiosity/novelty, inaccurate 
data, equipment failure, and life or health changes such as 
pregnancy. They came from a variety of professions such 
as designer, librarian, financial analyst, student, and 
fundraiser. Table 1 shows demographic, device 
ownership, and duration of usage.  

Our interviews were semi-structured, informed by the 
initial findings from the Amazon product review data. In 
each interview, we first asked each participant about 
motivations for acquiring the device, followed by detailed 
questions around device usage, mental models about how 
the device worked, and experiences with assessing the 
accuracy of the device.  

Data Analysis 
First, we analyzed the 600 product reviews to understand 
why users came to a positive or negative assessment of a 
device’s value, as well as how they made sense of their 
tracking device and their data. We used open coding to 
identify recurrent concepts and themes, generating a first-
round coding scheme. Second, in coding our interview 
data, we both used the tentative coding scheme from our 
product review analysis and actively looked for additional 
themes that emerged from the interview data. We 
generated a second-round coding scheme after analysis of 

the interview transcripts. Both the first-round and the 
second-round codes were discussed among the research 
team, and further codes were determined to refine our 
coding scheme. The process was iterative, as we 
generated, refined, and probed the themes that emerged 
from each dataset. Our final coding scheme, then, 
combined the themes that emerged from both the product 
reviews and interviews. As a third step, we re-analyzed all 
product reviews and interview data using the final coding 
scheme.   

Amazon product reviews were useful as they provided a 
large amount of information about how individuals 
thought about and discussed their devices as well as a 
more diverse range of device evaluation. With our 
interviews, we aimed to verify what we observed in the 
reviews and obtain more targeted and nuanced data that 
complemented, reinforced, and challenged many of the 
issues we had identified. Therefore, in this paper we 
present our findings from both datasets together. 

In what follows, the term ‘users’ refers both to Amazon 
reviewers and interview participants. When presenting 
quotes and stories, we use “R” followed by the device 
name and a review number to indicate Amazon reviewers 
(e.g. R-DeviceName-1) and “P” followed by a participant 
ID for interview participants (e.g. P2).  

ID Gender Age Device Months 
of use 

1 Female 30 LifeTrak 1 
2 Female 28 Nike+FuelBand 12 
3 Female 30 Fitbit Flex 9 
4 Male N/A Basis B1, Garmin FR70 7 
5 Male 24 Jawbone UP24 14 
6 Female 23 Jawbone UP24 6 
7 Male 31 Nike+FuelBand 18 
8 Male 23 Basis B1 11 
9 Female 21 Jawbone UP24 7 
10 Male 40 Fitbit Flex 4 
11 Female 37 Fitbit One 1 
12 Male 27 Fitbit One 13 
13 Female 50 Polar Loop 4 
14 Female 27 Fitbit Flex 10 
15 Female 25 Fitbit Flex 2.5 
16 Female 23 Fitbit Force 3 
17 Female N/A Jawbone UP24 5 
18 Female 29 Fitbit Flex 12 
19 Male 27 Basis B1, Fitbit One 18 
20 Male N/A Basis B1 2 
21 Male 72 Fitbit One 12 
22 Female 27 Fitbit Flex, Garmin FR 12 
23 Male 26 Fitbit Flex, Basis B1  2 
24 Male 37 Fitbit Flex  1 
Table 1. Summary of interview participants’ information 

 



FINDINGS 
Concerns with ‘accuracy’ were prevalent in the Amazon 
review data, appearing in over a third of the analyzed 
reviews (222 out of 600), according to our coding 
scheme. Echoing what was reported in [8], people showed 
a misunderstanding of statistical terms involved in 
measurement/sensing error. Both reviews and 
interviewees in our study often used ‘accuracy’ as an 
umbrella term to refer interchangeably to both ‘trueness’ 
and ‘precision’. Before we describe our findings, we 
clarify our use of key terms using definitions from 
[18,27].  

Accuracy refers to “the closeness of agreement between a 
test result and the accepted reference value [27].” Two 
terms, trueness and precision, describe aspects of the 
accuracy of a measurement method. “Trueness refers to 
the closeness of agreement between the average value of a 
large number of test results and the true or accepted 
reference value [27]”. Systematic error affects trueness, 
as it tends to shift all measurements in a systematic way 
[18]. For example, systematic error occurs when an 
imperfectly calibrated measurement instrument is used, 
such as with distance measurements by an inaccurately 
marked meter stick or time measurements by a clock that 
runs too fast or slow. Precision refers to the closeness of 
agreement between test results and “does not relate to the 
true value or the specified value [27].” Random error 
principally affects precision and varies in an 
unpredictable way. It can occur for a variety of reasons 
such as noise in the measurement or small sample size.  

The rest of findings are organized as follows: First, we 
describe how users in our study had varying expectations 
regarding the trueness and precision of data. Second, we 
describe different methods and processes users used to 
assess the accuracy of the data through their daily use. 
Finally, we explain what problems existed in the ways 
that users conducted their testing processes.  

VARYING EXPECTATIONS FOR ACCURACY 
In our study, users had varying expectations regarding the 
accuracy of devices’ measurements, echoing previous 
studies of users of body scales [8] and fitness trackers 
[7,19]. Building on these findings, we argue that better 
understanding specific purposes and needs that users have 
regarding different aspects of accuracy, precision and 
trueness, provides a rich picture of how users actually 
perceive the accuracy of the data. 

Precision is more important than trueness for trends. 
Most users who valued the trends or pattern of their data 
over time put more importance on the precision. As long 
as a device was consistent in measuring the phenomena of 
interest, it was sufficient enough for them to see if they 
were making progress towards their goals. 

From what I can tell, it is fairly accurate. I'm sure it 
doesn't capture my movement or sleep completely 
accurately, but it is consistent. In other words, even if it 

isn't 100% accurate, the trending is directionally correct 
(for the most part … ). (R-UP-32) 

But, in some cases, accuracy does matter.  
For users who wanted to optimize their exercise or track 
health conditions, it was not acceptable for their devices 
to make a rough approximation of the correct 
measurement. Some individuals wanted to use heart rate 
information to optimize their exercise, such as 
maintaining their heart rate at certain levels (high and 
low) during interval training. Other individuals had health 
issues, such as P1, who had had heart surgery a few years 
prior. She got her fitness tracker to monitor her heart rate. 
If P1 felt a ‘weird rhythm’ with her heart or was stressed, 
she would check her heart rate on her device to keep 
watch on her condition. Because P1 used the heart rate 
measurement for making decisions on whether to seek 
treatment, the accuracy of the heart measurement was 
important. She assessed its accuracy by comparing her 
device’s measurements against the measurements taken at 
her doctor’s office.  

Lifestyle differences affect accuracy. 
Depending on their lifestyles and activities that they did 
throughout the day, users can come to different 
conclusions about the accuracy of their device. In our 
study, some users found their device to be accurate 
enough for their purposes while others found their device 
useless. For example, one reviewer found it problematic 
when her/his device was counting steps when s/he was 
rocking one’s baby, but not when pushing a stroller.  

The Flex does not count steps if you are pushing a stroller 
or cart. This may not be an issue to some, but it is to me 
b/c I have stroller age children. Then I noticed it was 
logging hundreds of steps while I was rocking my baby. 
[…] Maybe something else out there will be more 
accurate for my lifestyle. (R-Flex-31) 

Since there were variances in individuals’ characteristics, 
one device that worked fine for one user might work 
poorly for another user depending on the individual’s 
purpose or value for the data, or the types of activities 
they did throughout the day. Different users’ expectations 
or needs with respect to the accuracy varied and led them 
to conclude that the same result was or was not good 
enough for them. 

HOW PEOPLE ASSESS ACCURACY: METHODS AND 
PROCESSES  
Based on our analysis, many users were curious about the 
accuracy and reliability of the data and tried to find ways 
to assess it. Commonly, users tested their device to 
confirm or disconfirm expectations or hypotheses about 
the inner workings of the device. Although most users in 
our study might not have actually known how to 
systematically test the accuracy of their device 
measurements, many went through some kind of process, 
whether consciously or not, to assess the accuracy and 
reliability of the data.  



In this section, we describe two types of process that we 
observed from our study: 1) ad-hoc assessment and 2) 
‘folk-testing’. Ad-hoc assessment describes situations that 
involve few instances of measurement results, and rely on 
one’s intuition than other more objective means. With 
‘folk-testing’, we describe more systematic testing that 
involves comparing measurement data with a more 
reliable source or crosschecking with other devices. 

Ad-hoc Assessment 
Most commonly, users in our study assessed the accuracy 
of their device in a natural, intuitive manner. They found 
quick and convenient ways to verify their expectations.  

I do believe that it works fairly accurately as a 
pedometer. Though I can't say I actually counted my steps 
in order to test it, I did note that on days in which I 
walked a lot, it seemed to register a lot more steps than 
on days in which I did not. (R-Basis B1-83) 

Over time users did a variety of activities and encountered 
or noticed on certain occasions where they found that the 
data was not as accurate as they believed. Then, they 
began to suspect that the device was not accurate when 
presented with data that violated their expectations.  

I did figure out irratic [sic] arm movement gets credited 
as steps. I washed 11 puppies this past weekend and it 
looked like I walked 12,000 steps that day when really it 
was the back and forth arm motion of washing the dogs. 
(R-Flex-42) 

Another common type of ad-hoc assessment appeared 
when users tried to confirm or disconfirm their 
expectations [10]. For example, they looked for cases 
when the device correctly acknowledged a movement that 
was supposed to be detected. Or, they intentionally made 
movements that should not be detected to check whether 
the device got confused and detected them incorrectly. 

I tried an experiment. I walked briskly for 30 minutes 
without moving my arms. Then I did arm exercises sitting 
on the couch for 30 minutes. The band recorded the arm 
movements as exercise and did not record the walking as 
activity. That is a MAJOR FLAW in the band! (R-UP-60) 

Folk-testing  
While many users used ad-hoc assessment to form an 
impression of their device accuracy through daily use, a 
subset of users engaged in more structured testing to try to 
characterize the device’s data accuracy. However, most 
users did not really know how to validate the accuracy 
since they had limited understanding of various sensors 
and algorithms used in their fitness trackers.  

In the absence of formal training or documentation on 
how a device works, people often developed “folk 
theories” of devices to make sense of how the device 
worked and thus operate the device according to their 
needs [9]. We observed that users in our study developed 
folk theories about the inner workings of the devices such 

as sensors and algorithms. They came up with various 
ways to verify how the device worked as well as to assess 
the accuracy of the data that their device provides. We 
call this assessment process ‘folk-testing’ to draw an 
analogy to ‘folk theory’ as it shares characteristics. Folk-
testing is 1) inconsistent when compared to an expert’s 
model/practice, 2) “acquired from everyday experience,” 
3) sufficiently functional for everyday use, and 4) “varies 
among individuals, although important elements are 
shared” [9].  

In this section, we describe what methods and processes 
users used to conduct testing in a more deliberate and 
systematic manner. However, the extent of the 
systematicity was varied.  

Comparison with “ground truth” 
In several cases, testing was carried out in a systemic way 
by comparing the device output with a measurement made 
by the user using a method perceived as accurate and 
reliable. In fact, approximately one-fifth of the reviews 
that mentioned accuracy (46 reviews, according to our 
coding scheme) described the use of testing methods to 
compare with other commercial devices. For example, the 
majority of users manually counted their steps, then 
compared their tally to the number counted by the device:  

I’ve done a couple quick tests, where I’ve walked around 
the building with the app up and I watched the step count 
increase as I’m actually taking steps. It’s pretty close. 
(P10) 

Another user used a similar method, but found that the 
device was repeatedly counting only half of the steps. 

I walked from my office at work all the way to the other 
end of the building and back again, counting my steps. 
This device only recorded about half of my steps. I did 
this several times a day throughout the day, with the same 
results. (R-Pulse-65) 

P15 concluded that his device was accurate because the 
distance measurement was close to the distance measured 
using distance markers posted along the path he ran.  

The path I ran […] had stakes permanently planted to 
show you the distance you had covered. Of course 
anything could be slightly off in that way, but it was close 
to what had estimated you had run at least, around this 
path. Which I think is a fairly good measure. (P15) 

In another case, one reviewer used a similar method and 
found the device measurement was not accurate, when 
compared to a reliable measurement:  

I run on a track at the local college. When I run two 
miles, Pulse says I ran three. When I run 4 miles, Pulse 
says I ran seven. When I run 6 miles, Pulse says I ran 11. 
This amount of error makes the device useless for any 
kind of fitness tracking (R-Pulse-45). 



The cases above demonstrate that even though users used 
a similar method, they came to different conclusions 
about the accuracy of the data. 

Comparison with other commercial devices 
Many users crosschecked with other measurements to 
assess the accuracy of their device. Approximately one-
fourth of the reviews that mentioned accuracy (58 
reviews, according to our coding scheme) described their 
testing methods to compare with other commercial 
devices. One reviewer conducted an exceptionally 
thorough testing:  

*TEST #1: Normal stride with my FWA [Fitbit Wearing 
Arm] as relaxed as possible (i.e., just swinging at my 
side): Distance traveled according to Endomondo [a 
mobile app]: 1.78 miles Steps taken according to Fitbit: 
3,564 Average steps per mile: 1.898.87 *TEST #2: 
Normal stride, while holding and regularly sipping a 
coffee in my FWA: Distance […]: 1.80 miles. […] Fitbit: 
3,393 Average steps per mile: 1,885.00 Wow! I'm pretty 
freaking impressed. The difference between my normal 
stride and my coffee holding/sipping stride was only 4 
steps per mile! [...] *TEST #3: I have a Stamina In-
Motion Elliptical Trainer that counts your "steps" as you 
use it. The elliptical counted 4,000 steps and the Flex 
counted 3,975. I think a difference of only 25 steps is 
more than great. (R-Flex-10) 

Another reviewer had also tested three different fitness 
devices to decide which was worth the trouble to wear. 
Because of the significant discrepancy among the devices, 
s/he concluded that none of them was trustworthy: 

I wouldn't trust any of them to measure […] correctly. 
Take today - it's 8 p.m. on a typical day. I swam 1.25 
miles this morning, then came to the office and mostly sat 
at my desk. Here are my steps: Polar Loop: 12,819, no 
miles measured… Fitbit One: 5,203 steps; 2.56 miles […] 
Withings Pulse: 4,336 steps, 2.09 miles […] So, which 
one would you trust? Who the heck knows? (R-Pulse- 96) 

As noted earlier, similar testing methods resulted in 
opposing test outcomes. A user could find their device to 
be very accurate, completely random, or way off. This 
discrepancy might be due to 1) a device that was 
defective, 2) the way users designed or executed the 
testing, or 3) the underlying models used by the devices 
fitting different individuals differently.  

PROBLEMS IN AD-HOC ASSESSMENT AND FOLK-
TESTING 
In the previous section, we described approaches that 
users in our study used to assess accuracy of their device. 
While the majority of users were comfortable with 
assessing accuracy in an ad-hoc way, some users made 
more effort to plan more systematic tests.  

However, in both we found that it was often difficult for 
users to assess whether the data was accurate, or if not, 
why the device gave the inaccurate measurements, or 

what types of error were affecting the accuracy. In this 
section, we describe problems with ad-hoc assessments 
and folk-testing.  

Problem 1. Users conducted testing in uncontrolled or 
incomparable conditions. 
We observed that several users in our study made the 
wrong assessment about accuracy by comparing 
measurement counts in different physical conditions. For 
example, P6 went hiking with her boyfriend, who had the 
same Jawbone UP, and compared her step count to his. As 
P6 found it was significantly off, “at least 3,000 steps,” 
she concluded that her device was not reliable, and tried 
to come up with reasons to explain the difference: 

He was carrying a backpack around him and he kept 
adjusting his backpack. So, it was maybe that added to the 
steps. Then, he had his camera in his hand. He kept taking 
pictures, and maybe it added that too as a step. (P6) 

While P6 could rationalize the differences, it is important 
to understand that her rationale was disconnected from the 
statistical concepts. When P6 encountered discrepancy 
between her and her boyfriend’s step counts, they were 
trying to use inter-device reliability of two devices with 
unknown accuracy as a proxy for accuracy. Moreover, 
they were judging two different devices based on their 
estimations of a measure specific to its wearer – steps. 
This is a case where differences in step count could be 
attributed to differences between properties of the 
individuals, such as stride length, rather than the accuracy 
of either device. Alternatively, the problem could have 
been fit between the individual and the device’s model of 
that individual. 

When testing accuracy of data measurements, it is 
problematic to compare different measurement data in 
uncontrolled and incomparable conditions. However, 
users often conducted their testing in such conditions. 
With absence of a clear understanding of the relevant 
concepts of accuracy, trueness, precision and 
experimental controls, users might design faulty tests 
and/or come to incorrect conclusions.  

Problem 2. Different devices have different models, 
but there is not a standard model to compare.  
If users had more than one device, they were likely to 
assess the accuracy, by comparing between or amongst 
multiple devices. However, there are limitations in this 
method in that it lacks an absolute standard, making it 
hard to resolve discrepancies. Different devices employ 
different definitions of the phenomena they are measuring 
and have different models and algorithms to measure or 
detect the phenomena.  

When people design a set of tests to compare multiple 
readings of devices in different conditions, it is difficult to 
know which device is accurate and precise among others 
without having a reliable truth measurement. For 
example, as previously mentioned, R-Pulse-96 wore three 



different fitness devices, Polar Loop, Fitbit One, and 
Withings Pulse, to compare measurements against each 
other. However, s/he was not able to tell which of those 
three devices was accurate. It could be argued that users 
needed a more reliable device or measurement that had 
been proven to be accurate in order to make a judgment 
regarding the accuracy of their device measurement. 
However, as seen in our study, users oftentimes did not 
have an access to such a device. Thus, users tended to rely 
on their perception. 

Problem 3. Users are not aware of systematic error or 
how to address it. 
Often users did not understand that the algorithm models 
that different devices used for calculating the steps might 
be the cause of the discrepancy between measurements. 
For example, one reviewer compared measurements 
between Fitbit One (worn on the hip) and Fitbit Flex 
(wore on the wrist), and found Fitbit Flex’s measurement 
was higher than Fitbit One. This user felt one’s Fitbit Flex 
was not accurate for her/his purposes.  

I compared the Flex's count with the One's (which I've 
found very accurate)… Flex dramatically over-estimated 
the step count, by about 20%. That's not helpful when 
you're trying to get fit. (R-Flex-37) 

Different people may fit the underlying models used by 
the devices better, resulting in systematic biases. This 
could be an explanation for the issue described above by 
R-Flex-37. In case of the device being consistent but not 
accurate, the measurement error was likely due to 
systematic error. Although calibration (e.g., entering 
one’s stride length information to the device) could 
diminish systematic errors in measurements, oftentimes 
users did not know the benefits of such calibration and 
might abandon the device rather than try to make it work 
for them. Another user (R-Flex-27) had a similar problem 
in that the device was consistently over-rating her/his 
activity. This user did not know that calibration could 
solve the issue, and ended up returning the device. 

Problem 4. Test cases do not replicate a realistic 
scenario.  
Many users suspected that their device was tracking many 
other types of movement besides “steps.” Some users 
tested with different movements to see which of their 
movements would get counted and which would cause 
erroneous tracking: 

I tried jumping. I tried punching. I tried just swinging 
around. I tried tapping it on things. I tried a whole bunch 
of stuff just to see if I could get false steps and it was 
pretty difficult. There's a very specific punch, that you 
would really have to go out of your way to do, and it 
would occasionally count a steps for it. Other than that, it 
really didn't count anything that wasn't activity. (P8) 

I actually tried to see if I could manipulate the movement 
just to see whether it would track my hand waving up and 

down as a step and just to see how sensitive it is to 
different types of things. […] I start really small and just 
get larger and larger just to walk through a set of 
patterns […] which I would really can't say […] would be 
my [normal] types of movements. (P19)  

These test cases that users in our study came up with were 
often aimed at testing the sensitivity of the device—i.e., 
whether the device could accurately pick up on certain 
movements. However, the sequence of the movements 
that users tested were not likely to be the ordinary 
movements they would make on daily basis. 

Problem 5: The black-box nature of device algorithms 
inhibits users from understanding how it works.  
There were many problems related to end-users’ not 
understanding how the device worked. In the absence of a 
coherent mental model of how their device senses and 
processes sensor data, it was difficult for users to improve 
the accuracy or the usefulness of their device. Several 
users explicitly asked for more clear and detailed 
explanations about how their device worked to measure 
data or what the data actually meant, and found the lack 
of such explanations condescending:   

I find Jawbone's explanation that advanced algorithms 
are used to be condescending. Like telling a child that 
something is too complicated for them to understand. […] 
I do wish that Jawbone would elaborate about how sleep 
and activities are tracked so that I can better understand 
what it is tracking. (R-Jawbone-53) 

One factor that contributed to the difficulty was lack of 
understanding of how the devices calculated the data. For 
example, a number of users did not understand how 
“calories burned” data was calculated. Several were 
confused and expressed frustration: “What am I doing 
wrong? It counted my steps fine, but it had me burning 
tons of calories and I've barely been out of bed. Not so 
sure about this device after all. (R-Basis B1-70)” 

Most users found it even more difficult to assess these 
higher-level inferred values (e.g., calories) than they did 
the accuracy of measurement. One reviewer found that 
when s/he was playing a video game, her/his device 
detected the activity as sleeping. Based on this incident, 
this user concluded that the device used the time of day 
for sleep tracking. While it might have been the lack of 
movement that caused the inaccurate inference, this user 
considered it to be a shortcoming of the device.  

I cannot vouch for accuracy [of sleep data … ] since I am 
unconscious. Once again, there is some wizardry going 
on to determine the levels of sleep since it isn't connected 
to your head, eyes, or even your lungs. I know some of it 
is time-based, which brings me to one of the shortcomings 
– I was playing a video game for 4 hours and it thought I 
was sleeping most of the time.  (R-Basis B1-78) 

 



When users noticed errors in their data measurements, 
most of them sought to understand the circumstances that 
led to the inaccuracy. However, it was difficult for them 
to understand why problems happened or to improve 
accuracy. 

I went to the gym and did over 30 minutes on an exercise 
bike and another 45 minutes lifting weights. The tracker 
only showed 2 minutes of very active minutes. I didn't go 
to the gym or do anything physical the day before and the 
day after yet somehow ended up with more very active 
minutes. How?!?! (R-Flex-59) 

Problem 6: The underlying phenomena being 
measured are often imprecisely defined.  
Many interview participants commented that there was 
not a clear definition of measurements such as ‘a step’, 
‘sleep’, and ‘calories burned.’ They noted that individuals 
might have different interpretations. They were uncertain 
about how their device actually defined the events that it 
measured. 

[Basis-B1] knows when I've kind of tilted my body enough 
to do a step or two. But, if I literally just stand up, [do] I 
instantly get the half one step or partial step? I'm not sure 
how it actually determines the full step. (P19) 

I do find the "times awaken" deeply flawed. My unit tells 
me I was awakened 14x, 9x, etc. I find that excessive and 
inaccurate. But then again, how does the Fitbit calculate 
"awaken" activity? I don't know.” (R-Jawbone-8) 

While all users did not have a clear understanding of the 
logic behind how their device measured their activities, 
some users came up with their own justifications:  

It doesn't count your steps until you have taken several 
steps (I think around 15) before it would start counting. 
At first I found it unfair but then I realized this is for my 
health and the steps that I want it to really count are the 
ones where I really am being active and not just walking 
to my kitchen. (R-Basis B1-7) 

All users who had some understanding of how their 
devices worked or what factors were used to calculate the 
data, they tended to be more tolerant of the inaccuracy, 
acknowledging the limitations: 

The key really is to have the appropriate expectations of 
what a device like this is going to do for you. It’s a wrist-
based pedometer, and that means that if you’re doing any 
activity that over or under involves your hands/arms, it’s 
going to throw off the accuracy of the step counting, 
regardless of how good Fitbit’s accelerometer algorithms 
are. (R-Flex-13) 

Problem 7: Folk-testing misguides users’ efforts to 
improve accuracy.  
P2 tested her device while making different hand 
movements and concluded that her FuelBand detected the 
speed and magnitude of movement. However, she later 
found that her understanding was not entirely correct.   

As soon as I bought it, I walked with my arms steady vs. 
swinging it widely. I found that the number would go up 
faster as I walked with my arms swinging more rapidly 
and widely. I’ve tested this numerous times. […] That’s 
why I figured to wear it in my ankle when I was biking. 
[…] I was disappointed that wearing it on my ankle did 
not detect a bike ride. (P2) 

She wore her FuelBand on her ankle during bike rides 
instead of her hand because her ankle was moving while 
her hands stayed still holding on to the handles. That was 
a logical workaround based on her understanding; 
however, she found that the device did not track the 
motion associated with bike riding. In the end she was left 
with no insight into how to make the device work for her.  

A relatively small but interesting group of users attempted 
to avoid ‘messing up’ the readings and tried to make their 
movements easier for the device to detect. For example, 
users mentioned a conscious effort to improve accuracy, 
such as swinging their arms while working or avoiding 
holding a leash or a bag with the hand wearing the device. 
However, users in our study preferred their device to 
detect their natural movements. P2 mentioned that she did 
not like that she had to make a conscious effort, as it felt 
‘unnatural’ for her to keep paying attention to her body 
movements for accurate measurement. 

DISCUSSION 
In this section, we first discuss why we need to 
understand and support people's methods for assessing the 
accuracy of personal tracking devices. Then we propose 
recommendations to better support users in their process 
to assess quality of measurement data in their device.  

One seemingly obvious solution is to build personal 
tracking devices that provide higher reliability. However, 
this solution is not straightforward. There are already 
medical-grade tracking devices that provide much higher 
reliability than widely available devices. They are not 
made by consumer electronics companies, not 
fashionable, not easy to use or comfortable to wear, and 
much more expensive. The very factors that have made 
personal tracking devices popular among mass-market 
consumers (low-cost, comfort, convenience, and design 
that prioritizes fashion) are the ones that weigh against 
optimizing for reliability. The reliability and quality of 
data that personal tracking devices provide may increase 
over time, but limitations of technical capabilities and 
users’ lack of ability to address those issues are going to 
be a part of the user experience for the foreseeable future.  

We propose design implications that enable users to take 
better advantage of personal tracking devices. We based 
our implications on key findings in our paper:  

These devices will work differently for different people. 
This could be because people walk differently, wear 
devices differently, and have different characteristics 
(e.g., physical dimensions, bodily movements, activities 



types, and lifestyle). Moreover, people's expectations or 
needs with respect to trueness versus precision may lead 
them to decide that the same result is or is not good 
enough for them. Thus, everyone will need to be able to 
understand and assess the accuracy and error 
characteristics of the device well enough for their 
particular characteristics and purposes, unless the device 
happens to work well enough for their purposes out of the 
box.  

Conventional approaches to the recognition of human 
activities using sensor data through classification models 
struggle to cope with the population diversity problem 
[13]. Many devices use generalized models and 
algorithms that are designed to work well for the 
population norm. While the majority of users might not 
care about the reliability of the device, in our study, we 
observed that users were confused and frustrated when 
they were uncertain about how their device was tracking 
their data, and many attempted to systematically evaluate 
through (folk-testing) the accuracy of a device.  

We observed cases where the way users designed or 
executed the testing was problematic and conclusions 
were made based on poorly designed tests. Users' 
understanding of the concepts of accuracy, trueness, 
precision, and types of errors were also disconnected from 
the underlying statistical concepts. Based on the problems 
and challenges that we observed in the way users 
struggled to assess the accuracy of their devices as well as 
to understand how the devices work, we conclude that it 
is critical to be attentive of how users currently perceive 
and assess the accuracy of their data and determine the 
reliability of their devices. Accordingly, we provide three 
design implications: support testability, allow greater 
end-user calibration, and increase transparency.  

Support testability  
Each user employs their devices under a different set of 
conditions and therefore presents different considerations 
with respect to precision, i.e., closeness of agreement 
between independent measurements of a quantity under 
the same conditions [18]. However, every user has a 
different set of conditions, and thus they have a different 
measure of precision. This means that end-users have to 
understand their particular conditions as they assess 
precision. However, due to the limited knowledge 
acquired from using the device (or a different but similar 
device), we observed that users sometimes adopted wrong 
assumptions to guide their attempts to test the precision of 
the data. This is likely why reviews contradict each other 
even when they were using a similar method, and why 
one person's testing procedure might not work for 
someone else. 

For most of the users in our study, we found ad-hoc 
assessment or folk-testing confirmed or disconfirmed 
users’ mental models, hypotheses, or assumptions in part, 
but did not test them thoroughly. Users’ testing methods 

helped users to reinforce or disprove their hypotheses 
regarding their expectations on what could be tracked. 
However, such confirmation or rejection was, of 
necessity, based on a limited set of tests. It did not 
necessarily help users to understand what to predict for 
unknown or untested scenarios. 

Given the limited set of test cases attempted by most 
users, users need support when figuring out how to select 
the situations that are most important to them and assess 
the device functionality in those cases. Therefore, it will 
be significantly important to provide users with guidelines 
on how to test their devices for accuracy. This will help to 
increase the breadth and depth of testing cases, which will 
lead to a better understanding of the true limitations of the 
device. Guidance on testing can help alleviate the 
problems of ad-hoc assessment and folk-testing by 
providing more complete and appropriate set of testing 
cases to help users to have more realistic and accurate 
expectations.  

Allow greater end-user calibration of models 
Earlier we showed several examples where users did not 
take advantage of calibration features. Individuals have 
different patterns of movements, and they engage in 
different types of activities with varying levels of 
frequency. Lack of capability to manipulate the sensing 
sensitivity led users to develop workarounds for various 
and changing daily routines and activities. Some 
adaptations were effective at delivering value to the user, 
while others were not.  

If a device is designed to track long-term data about 
oneself, and is meant to be tracking such data 
continuously over a long period of time (even for a life 
time), users are likely to expect to be able to customize 
the device to better fit their individual needs. One could 
argue that allowing users to do the calibration is the best 
approach: e.g., devices could “learn” based on humans 
providing them with information, such as how to 
accurately detect what needs to be detected (e.g., “steps”).  

In addition to making it easier to find, enter, and revise 
calibration settings such as “stride length,” we suggest 
allowing for ways to calibrate the device to personal 
movement patterns and purposes. Users should be able to 
record unique movements into a device to let the device 
know which movements to record and which to ignore. 
For example, one user might want to count walking 
around the house while another might not. One might 
want to indicate not to count when s/he pats a baby. Such 
examples could provide positive and negative examples to 
allow a device to learn personalized models of movement, 
sleep, or other activities, though research will be required 
to learn the limits of such personalization.  

The process for lay-users to train and debug 
models/classifiers can be better supported by an interface 
that allows users to provide feedback to a machine 
learning system for debugging that system. For example, 



Kuleza et al. [11] proposed an approach to help end users 
effectively and efficiently correct shortcomings and 
personalize machine learning systems.  

Designers of personal tracking devices can take advantage 
of greater end-users’ calibration of models, not only to 
increase accuracy for individuals, but also to better 
address diversity in user populations [13]. For example, 
Lane et al. [13] proposed Community Similarity 
Networks, which exploits crowd-sourced sensor-data to 
personalize classifiers with data contributed from other 
similar users. 

Increase transparency 
From this study, we learned that very few users of 
personal tracking devices had a solid understanding of 
how sensors work to track their movement or heart rate. 
For example, users wondered, “What is considered a step 
for the device and how does it determine it?” Users 
figured out that step counting had to do with motion 
sensing, but not to the extent that they understood what 
types of motion the device could measure. Another 
problem was that the limitation of testing methods and 
processes that users used and the results of such testing 
might suggest misguided workarounds to users. 

Often, users expressed frustration when the device was 
misdiagnosing their movements. This frustration often led 
to dissatisfaction and further disengagement (as also seen 
in [5,17,20]). In order to reduce users’ frustration, 
designers should avoid misleading users into developing 
wrong or insufficient mental models, but provide a clear 
view of what the device can deliver and how. As an 
example of providing such transparency, a device could 
show visualizations of movement patterns of its user for a 
period of time with explanation of how the device views 
those movement patterns (steps, walking up the stairs, 
running, etc.). Since a person knows what movement they 
made for that time period, this can give a good depiction 
of how a device’s accelerometers sense that person’s 
movements.  

When presenting higher-level inferences with conceptual 
definitions, such as calories burned or sleep quality, 
personal tracking devices should provide more support for 
users to better understand the definition of the 
phenomenon being measured and how the device 
measures them. It was perhaps more frustrating when 
users found higher-level inferences were not accurate 
since it is more difficult or even impossible for users to 
assess the accuracy of calories or sleep quality than steps 
counts and distance measurement.  

When a system is working properly, as expected by its 
users, knowing ‘how-to-use-it’ may suffice [6]. However, 
when a system is behaving in an unexpected and 
erroneous way, a user’s understanding of ‘how-it-works’ 
becomes more crucial for the user to be able to identify 
errors and fix the problems [6]. As described earlier, users 
were confused and frustrated when they found their sleep 

data was not accurate but were not able to address the 
issue.  

This highlights a specific challenge for users’ mental 
models of the systems that employ sensing and 
algorithms. While a user needs a more detailed and deeper 
understanding of the system’s logic or reasoning, its 
components of processes, such as sensing, inference and 
machine learning techniques are concealed and difficult to 
understand for a novice user [6,14,21]. Despite the 
importance of mental models, which have been studied in 
depth, there is a lack of research investigating the effect 
and development of a user’s mental model of sensing 
systems. Such research [1,2,12,16] will be important for 
helping people attain the desired value from personal 
tracking technologies.  

CONCLUSION 
In this study, we analyzed 600 Amazon reviews and 24 
interviews to better understand how users engaged with 
and adapted to self-tracking technologies. From the 
primary findings of our study, we conclude that it is 
critical to be attentive to how users currently perceive and 
assess the accuracy of their data to determine the 
reliability of the devices. By supporting more robust 
testability, increased transparency of what devices can 
and cannot detect, and allowing for ways to personalize 
models of movement, sleep, or other activities, personal 
trackers will be able to enhance and furthermore 
transform the lives of many people. 
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