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Comparing consumer grade
sleep trackers for research
purposes: A field study

Elina Kuosmanen*, Aku Visuri, Roosa Risto and Simo Hosio

Center for Ubiquitous Computing, University of Oulu, Oulu, Finland

Sleep tracking has been rapidly developing alongside wearable technologies

and digital trackers are increasingly being used in research, replacing diaries

and other more laborious methods. In this work, we describe the user

expectations and experiences of four di�erent sleep tracking devices used

simultaneously during week-long field deployment. The sensor-based data

collection was supplemented with qualitative data from a 2-week long daily

questionnaire period which overlapped with device usage for a period of 1

week. We compare the sleep data on each of the tracking nights between all

four devices, and showcase that while each device has been validated with

the polysomnography (PSG) gold standard, the devices show highly varying

results in everyday use. Di�erences between devices for measuring sleep

duration or sleep stages on a single night can be up to an average of 1 h

36 min. Study participants provided their expectations and experiences with

the devices, and provided qualitative insights into their usage throughout

the daily questionnaires. The participants assessed each device according

to ease of use, functionality and reliability, and comfortability and e�ect

on sleep disturbances. We conclude the work with lessons learned and

recommendations for researchers who wish to conduct field studies using

digital sleep trackers, and how to mitigate potential challenges and problems

that might arise regarding data validity and technical issues.
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1. Introduction

Sleep timing and quality play a prominent role in individuals’ everyday life and well-
being. Human-centered studies often collect behavioral data from study participants’ life,
of which sleep is also a part (see, e.g., Dobmeier et al., 2011; Tettamanti et al., 2020;
Evans et al., 2021). Traditionally, collecting reliable longitudinal sleep data has been
challenging, as it has relied on diarymethods or assessment of sleep timings, i.e., bedtimes
and wake-up times, or a combination of diaries and manual logging methods.

The rapid development of both commercial and research-grade wearable
technologies has allowed researchers to leverage unobtrusive and automated sleep
tracking methods as part of their studies. Many devices based on actigraphy (tracking
movements), heart rate and breathing are available off the shelf for personal use. These
devices offer reasonably accurate information about detailed sleep metrics, such as sleep
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phases, disruptions, and onset times. While these devices do
not provide accuracy comparable to polysomnography (PSG),
considered the gold standard for sleep tracking, numerous
validation studies have shown that the data is still useful.

From the perspective of the human-computer interaction
community, we now have information about the technical
quality of these products for research purposes through
validations in lab conditions. However, empirical studies and
experience reports on how these devices perform in longitudinal
field studies are lacking. Table 1 provides a summary of the
devices’ features.

We designed a 2-week field experiment to study how
participants experience using different sleep tracking
technologies in their daily lives. Participants used four different
sleep tracking technologies: an actigraphy wearable smartwatch
(Fitbit Versa 3), an EEG headband (Dreem 2), a sleep tracking
mattress (Withings Sleep Analyzer), and a sonar-based device
(SleepScore Max). We collected the sleep data from the devices
and conducted semi-structured interviews with the participants
regarding their expectations and experiences with the devices.

The purpose of this experiment was to assess how reliable
the data collected from these devices would be perceived i) by
the end-users, in our case, the study participants, i.e., does the
data offered by the devices match the participants’ subjective
assessment, and ii) from the perspective of data similarity
and between-devices comparison; do different technological
approaches or algorithms provide different data when worn or
used simultaneously.

Our results show that the data provided by different
devices vary significantly. Different technological approaches
track detailed sleep metrics such as sleep stages differently. We
also discovered several issues with using these technologies in
a field study, caused either by the devices themselves, their
technical requirements, or problems caused by the participants’
behavior or forgetfulness. These issues have implications for
future studies with such technologies. As a result, we provide
recommendations for research that leverages sleep tracking as
part of the study procedure and suggestions on mitigating issues
that lead to inaccurate data in field studies that leverage sleep
tracking technologies.

2. Related work

Sleep is an essential factor in health (Buysse, 2014), it affects
various aspects of our daily life quality (Bonnet, 1985), our
physiology and behavior (Bonnet, 1989). The use of wearable
devices and other sleep trackers for research purposes in
human subject studies has been steadily gathering more interest
(Robbins et al., 2019). The commercial sleep trackers are low-
cost and designed to be used in daily life. On the other hand, the
proprietary algorithms and lack of standardization might hinder
their use in research.

2.1. Measuring sleep quality

There are several methods to measure sleep quality,
including clinical modalities such as polysomnography (Douglas
et al., 1992; Chesson et al., 1997), multiple sleep latency
tests (MSLT), maintenance of wakefulness test (MWT), and
home sleep apnea testing (HSAT), consumer technology like
smartphone applications (Ong and Gillespie, 2016; Choi et al.,
2018), wearable trackers (De Zambotti et al., 2016; Dunn
et al., 2018), and non-wearable tracker (Sadek et al., 2019),
and crowdsourcing sleep research or self-assessment methods
like sleep questionnaires or sleep diaries (Shelgikar et al., 2016;
Ibáñez et al., 2018). Most wearable trackers use accelerometer
sensors, heat flux sensors, and optical blood-flow sensors (Jeon
and Finkelstein, 2015). There is no perfect sleep assessment
method for in-the-wild tracking; all methods have advantages
and disadvantages. The few scientific validation comparing
smartphone applications against polysomnography report that
they are not helpful as a tool for sleep estimation (Patel et al.,
2017) and are still not accurate enough to be used as clinical
tools (Bhat et al., 2015; Ibáñez et al., 2018). Some clinicians are
skeptical of the accuracy and use of sleep information offered
by consumer devices (De Zambotti et al., 2016; Shelgikar et al.,
2016).

PSG combines data from multiple sources, such as brain
(EEG), heart (ECG), and muscle (EMG) activity, snoring and
oxygen levels (pulse oximetry), carbon dioxide (capnography),
eye movement (EOG) (Ibáñez et al., 2019). However, PSG
is expensive, requires trained specialists, and not suitable to
measurements done in home environment (Ibáñez et al., 2019).

2.2. Tracking sleep at home

Sleep tracking devices can be classified as contact and
contactless devices (Ibáñez et al., 2019). Contactless devices
may utilize a microphone, camera, thermometer, pressure and
accelerometer (Ibáñez et al., 2019). In addition, there are echo-
based devices, sonar, radar or lidar-based (Ibáñez et al., 2019).
Contact devices use sensors that are in contact with the body
(Ibáñez et al., 2019). Wearable devices, such as bracelets, rings
or headbands, are called as actigraphs, and in addition to
motion sensors (gyroscope, accelerometer) they may collect
body measures (e.g., skin temperature, heart rate) and ambient
measures (e.g., light, sound, temperature) (Ibáñez et al., 2019).

2.3. Challenges with sleep trackers

Validation studies present the device accuracy as sensitivity
(true positive rate) and specificity (true negative rate) (Ibáñez
et al., 2019). Sensitivity describes the device’s ability to detect
sleep, and specificity describes the device’s ability to detect
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TABLE 1 Device capabilities related to sleep tracking.

Dreem 2 Fitbit Versa 3 Withings sleep mattress SleepScore max

Automated sleep tracking - X X -

Contactless sleep tracking - - X X

HR monitor X * X -

Temperature monitoring - X - **

Breath tracking / snore detection - X X -

Sleep duration X X X X

Sleep timing X X X X

Sleep stages X X X X

*Fitbit Versa 3 has HR tracking but metrics are not provided in the free data export. **SleepScore Max tracks ambient temperature, Fitbit Versa 3 tracks body temperature.

wake (Ibáñez et al., 2019). Overall, contact devices have often
better accuracy than contactless devices (Ibáñez et al., 2019). In
contactless devices, the positioning of the device might impact
on the accuracy, e.g., the radar accuracy depends on the distance
to the sleeper (Ibáñez et al., 2019). Consumer sleep tracking
devices have inconsistencies in tracking sleep stages , but are
better in detecting sleep and wake (Chinoy et al., 2021).

Liang and Ploderer (2020) conducted a qualitative study
with 22 participants wearing three sleep trackers simultaneously
for 3 nights: Fitbit Charge 2 (worn in a wrist, accelerometer
and optical heart rate sensor), Neuroon (eye mask, EEG), and
SleepScope (a medical sleep monitor, electrodes attached to
head, EEG). Liang et al. found that the perceived credibility
of the sleep-tracker is affected by several factors: the collected
sleep data, the device functionality, the physical appearance
and interaction with the device. Judgements can be based
on presumptions, reputation and on first impressions based
on simple inspections in addition to actual experience.
Furthermore, the interpretation of the sleep stages was
experienced as difficult by some participants, and it was
challenging to understand how the data was sensed or processed.

Liu et al. (2015) investigated challenges of sleep tracking
technologies through analyzing online discussions. The study
covered mobile apps, wearable and embedded sensors. They
grouped the challenges into four themes: tracking continuity
(discomfort, health concerns, wearable battery limit, mobile
battery limit, sleep partner, manual setting, naps, irregular
work shifts, portability, detection range), trust (tracking
reliability, results congruence, sleep automation, development
immaturity), data manipulation (data amendment, data export,
integration tools), and data interpretation (sleep knowledge, no
context, data granularity, generic coaching, lack of time).

3. Materials and methods

We conducted a home-based 2-week sleep tracking study
using four sleep tracking devices concurrently. Our sample
contains interview data, daily surveys, and sleep data from

FIGURE 1

Hardware used in our experiment. From the left: Dreem 2, Fitbit

Versa 3, Withings Sleep Analyzer and SleepScore Max.

1 week device usage period. Ten participants (six female,
four male, ages 22–48) took part in the study over a period
of 12 weeks. The participants did not receive any further
compensation for their participation. According to the Finnish
National Advisory Board on Research Ethics guidance and our
institution’s internal guidelines a formal ethical review is not
required for this study (National Advisory Board on Research
Ethics, 2019).

3.1. Hardware

We selected two contact devices and two contactless devices
for sleep tracking: Dreem 2 EEG headband, Fitbit Versa 3
actigraph smartwatch, Withings Sleep Analyzer mattress, and
SleepScore Max sonar-based sleep tracking device. The devices
are depicted in Figure 1 and described in detail next.

3.1.1. Dreem 2

Dreem 2 is a headband capable of measureing brainwaves
using reduced-montage dry-electroencephalographic (EEG)
sensors. In addition, it measures heart rate with a red-infrared
pulse oximeter and movement, position and breath frequency
using a 3D accelerometer.

Dreem 2 reached similar performance in automatic sleep
staging with a consensus of five scorers usingmedical-grade PSG
data, with wake time slightly underestimated (Arnal et al., 2020).
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3.1.2. Fitbit Versa 3

Fitbit Versa 3 is a wearable smartwatch that automatically
tracks sleep via motion and heart rate sensors. It provides time
asleep, sleep states, and a sleep score that describes the overall
sleep quality (Fitbit, 2001).

Compared to PSG, sleep-staging Fitbit models show no
significant difference in wake after sleep onset, total sleep time,
and sleep efficiency but it underestimates sleep onset latency
(Haghayegh et al., 2019). Compared to a medical device, Fitbit
tends to overestimate the probability of staying in a sleep
stage while underestimating the probability of transiting to
another stage (Liang and Chapa-Martell, 2019). This can lead to
prolonged durations of sleep stages.

3.1.3. Withings Sleep Analyzer

Withings Sleep Analyzer is a mat placed under mattress. It
measures sleep timing and stages. Heart rate, respiratory rate
and body movements are tracked via a pneumatic sensor, and
snoring and cessations in breathing are evaluated via a sound
sensor. Withings has gone through a PSG validation study, but
only for sleep apnea patients and without specifying accuracy
for different sleep phases (Edouard et al., 2021). For overall sleep
durationWithings tends to overestimate PSGmetrics by 25 min.

3.1.4. SleepScore Max

ResMed Sleepscore Max sleep tracker is a non-wearable
device placed on a bedside table. The device uses sonar
technology to monitor sleep and sleep environment (Zaffaroni
et al., 2019). That means the device sends radio waves
(electromagnetic radiation) and measures the time the waves
take to return (Ibáñez et al., 2019).

Compared to actigraphy, the SleepScore algorithm which
uses sonar technology had higher overall specificity and
lower overall sensitivity, it’s overall sleep/wake agreement with
PSG was higher (Schade et al., 2019). However, SleepScore
statistically significantly under-estimates REM sleep (Zaffaroni
et al., 2019).

3.2. Study setup

The study was conducted in three phases: Pre-equipment
(1 week), Equipment (1 week) and Post-Equipment (an
interview session).

During the Pre-equipment phase, the researcher visited
the participants in person at their homes or in a public
location. Participants were informed of and gave their consent
to the study. The researcher then conducted a semi-structured
interview in person regarding the participant’s expectations
of the devices before using them. The interview contained
three themes: ease-of-use, functionality and reliability, and

comfortability and sleep disturbance. The participants then
completed the Pittsburgh Sleep Quality Index (PSQI) self-report
questionnaire (Buysse et al., 1989) which assesses long-term
sleep quality. We employed this questionnaire to detect outliers
in the participant sample. In this phase, the participants also
manually tracked their sleep by responding to the daily sleep
tracking survey every morning for 1 week (see Section 3.2.1).
This stage was designed to raise the participants’ awareness of
their sleep quality and prepare them for the Equipment stage.

In the Equipment phase, participants tracked their sleep
for 1 week using all the digital sleep monitoring devices
simultaneously. They also continued filling in the daily sleep
tracking survey each morning, which now included additional
questions about their use of the devices, and any experienced
technical problems. The researcher again visited the participants,
provided them with the four devices, and gave instructions on
how to use them and how to e.g., connect the devices to a Wi-
Fi network when required. All participants used the same set of
devices in turns, with their own smartphones.

In the Post-equipment phase, the data was collected from
the devices for the analysis. The participants participated in
another interview about how their experiences with the device
matched their expectations. The participants evaluated the
devices according to the same themes as in Pre-equipment
phase. In addition, they ranked the devices according to their
own user needs. The interviews were conducted by a researcher
in either a public meeting location or at the participants’ homes.
All answers and collected data were anonymized and stored in
an online repository.

3.2.1. Pre-equipment and equipment phase
daily surveys

The daily survey consisted of the following questions in the
Pre-equipment study phase:

• When did you fall asleep yesterday? (5-Point Likert-scale:
Earlier-Later than normal)

• When did you wake up and leave the bed this morning?
(5-Point Likert-scale: Earlier-Later than normal)

• How long did it take to fall asleep after you went to
bed yesterday? (5-Point Likert-scale: Less-More time than
normal)

• How often do you remember waking up during last night?
(5-Point Likert-scale: Less-More than usually)

• In your own opinion, how well did you sleep last night?
(10-Point Likert-scale: Worse-Better than normal)

• In your own opinion, how well rested did you feel
after waking up today? (10-point Likert-scale: More tired-
refreshed)

• Please describe any factors that may have affected your last
nights sleep, in either positive or negative (Open ended)
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During the Equipment study phase, the survey also
contained following questions regarding the used devices:

• Select devices that accurately logged your sleep data last
night (Multiple choice)

• Select all sleep-related variables which were inaccurate or
seemed inaccurate in last night’s sleep data according to
each device (Multiple choice grid: Devices, sleep variables)

• Select devices which you experienced some form of
problem, error or other malfunction with during last
evening, night, or morning (Multiple choice)

• How well does device provided sleep metric correspond to
your feeling or alertness or restfulness (5-Point Likert scale
per device: Does not correspond-Corresponds)

• Did you sleep by yourself, or next to someone else (Yes, No,
Do not wish to disclose)

4. Results

4.1. Participants

We recruited participants with open calls at the authors’
workplace and using social media to publish the calls to the
general public (but limited to the city where the research was
conducted). The participants were selected to include both
young adults and older participants. Ten participants were
recruited and ultimately consisted of four males, six females,
with ages ranging from 22 (P2, P4, P7) to 48 (P5, P9).

The participants PSQI scores (range of 0–21, less is better)
ranged from average (12, P9) to good (5, P2). Hence no
participants’ results were removed as outliers due to abnormal
sleep routines or schedules. The full participant information is
shown in Table 2.

4.2. Expectations and experiences

In a longitudinal study, participants subjective expectations
on devices used may have impact on motivation to register to
the study, and to collect data and adhere study requirements.
If a participant does not trust the device to provide accurate
data, and feels no benefit of collecting data, the effort must
be compensated otherwise, i.e., with monetary reward. The
devices have to be also easy to use, not to cause burden for
study participants.

During the Pre-equipment study phase, we conducted initial
technology expectations interviews with the participant, and
the devices were introduced and given to the participant. The
purpose was to collect the participants’ initial expectations on
how the different devices would function. Each device and
its technical sleep tracking capabilities were described to the

participant, how they are used and what information they offer
to the user.

During the Post-equipment phase, another interview session
was held. The participants were asked to evaluate the devices
regarding their thoughts on the devices after the tracking
week and talk about their experiences with the technologies.
The interview covered the same themes as the expectations
interview; thus, participants were able to share insights about
both their expectations and their experiences. The participants
also ranked the devices from best to worst according to user
needs. We evaluate the findings of these interviews through
the lens of expectation disconfirmation theory (EDT) (Olson
and Dover, 1979) which is frequently used to assess trust in
technology (Bhattacherjee and Premkumar, 2004). Essentially,
the theory assesses users’ expectations of the technology with
their experiences after using it. The theoretical framework
implies that unfilled expectations and unexpected (emerged)
experiences are more potent motivators for trust (or lack of)
than fulfilled experiences. The semi-structured interview again
consisted of the following themes: ease-of-use, functionality and
reliability, and comfortability and sleep disturbance.

4.2.1. Ease-of-use

SleepScore Max (7/10 participants) and Withings Sleep
Analyzer (6/10 participants) were expected to be the most
straightforward devices to use, as they are not worn but placed
in the sleep environment. Further, Dreem 2 was expected to be
the hardest to use or require the most effort (6/10 participants),
as it requires the participant to put it on every night before
bed. People who are used to wearing a watch expected Fitbit
Versa 3 to be easy to use: “I already use a wristwatch, so I think

Fitbit Versa 3 will be easy and comfortable.” (P1). P4 thought
that if a device requires calibration before use, it will be more
burdensome to use.

In practice, Dreem 2 took the most effort to put on (5/10),
especially with long hair (1/10) and was dislocated easily (3/10).
P3 specified that when wearing Dreem 2, you have to “pull long
hair through headband when you have your hair open” (P3).
Dreem 2 also had a short battery life (5/10), “Even about 60%

battery charge did not last through whole night”(P1). For 4/10
participants, Withings Sleep Analyzer did not connect easily or
at all and the mattress needed to be restarted multiple times
before connecting: “Withings Sleep Analyzer needed more effort

to use since it sometimes had to be unpluggedmultiple times before

connecting to the phone” (P10). Even though Withings Sleep
Analyzer required 10 min for calibration after plugging in, half
of the participants described it as easy to use.

Withings Sleep Analyzer and SleepScore Max did not
connect at all for two users with Android phones even though
the operating system fulfilled the requirements: “SleepScore Max

did not connect at all for me, even though I tried everything” (P7).
The application kept logging out and freezing until it crashed if
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TABLE 2 Participant information.

P_ID Gender Age Education level (degree) Current work Additional information PSQI result

P1 Male 25 College or Bachelor’s Student 7

P2 Female 22 College or Bachelor’s Student 5

P3 Male 26 College or Bachelor’s Part-time 11

P4 Female 22 College or Bachelor’s Student Shift work 7

P5 Male 48 Other Full-time 6

P6 Female 24 College or Bachelor’s Part-time Shift work 10

P7 Female 22 High school Part-time Irregular sleep schedule 9

P8 Male 27 College or Bachelor’s Student Sleep paralysis occasionally 9

P9 Female 48 College or Bachelor’s Full-time Holiday affects sleep schedule 12

P10 Female 23 College or Bachelor’s Student Irregular sleep schedule 9

the device connected at all, the connection would be lost soon
after. 6/10 said Fitbit Versa 3 was the easiest device to use.

4.2.2. Functionality and reliability

3/10 participants expected EEG technology of Dreem 2 to
provide accurate sleep stage data. Two participants doubted that
sleep could be monitored with a mattress, and only one expected
Withings Sleep Analyzer to be functional. Some participants
were familiar with specific features of the devices, e.g., P6
describes “I am interested to know whether the light level of

the room is affecting my sleep” (P6), and P9 tells “The white

noise feature of Dreem 2 might help me with my recent troubles

with falling asleep” (P9). Four participants said that although
they were introduced to the devices, they were unfamiliar with
them. Hence, they did not have any expectations related to the
technical features of the devices.

After the tracking week, the participants reported that
Dreem 2 and SleepScore Max had the most interesting features.
Two participants liked the Dreem 2 ocean sounds, but one did
not. P9 said the sounds went on by accident and was hard to
put off. One participant mentioned the alarm of Dreem 2 as a
good thing, even though it woke up the person sleeping next to
the participant. For some nights, Dreem 2 did not give the data
after pressing the “End Night” -button, and the short battery life
made the recording sometimes stop before the night was over.
The data transfer time in the morning varied on all devices.

Dreem 2 divided expectations about reliability, 5/10 of
participants thought it seemed the most reliable device, but
2/10 were concerned about results being affected due to the
headband moving during sleep. P4 based his expectations on
the ubiquitousness of the devices, “I doubt that Dreem 2 and

Withings Sleep Analyzer are as reliable in sleep monitoring as

Fitbit Versa 3 because I have never heard of those devices before

being used in sleep monitoring. Watches have been used for a long

time and thus seem reliable.” (P4).

The devices that measure sleep remotely were considered
less reliable. P5 thought that Withings Sleep Analyzer would
be the least reliable device, and P6 doubted if the data is
affected by the sleeper turning in the bed. On the other
hand, P8 had heard about mattresses used in sleep apnea
studies and thought Withings Sleep Analyzer would be the
most capable device. Due to lack of physical contact during
tracking, the SleepScore Max’s ability to track sleep was
doubted by 3/10 participants. P9 said he does not know the
technologies used by the devices, but he trusts the data the
devices provide.

During the tracking week, problems occurred with all the
devices. Four participants told SleepScoreMax wasmore reliable
than they expected. P2 told “I think the Sleepscore Max was more

reliable than I expected” (P2), and P3 compared the reliability
of SleepScore Max and Fitbit “In my opinion, the watch and

Sleepscore Max were almost on the same level”(P3). A participant
who already wore the smartwatch to monitor his sleep was
primarily relying on Fitbit Versa 3. Fitbit Versa 3 was thought
to be reliable or quite reliable by 8/10 participants after the
sleep tracking week, but 3/10 noticed that it had a lot of short
awake times during the night: “Fitbit Versa 3 recorded a lot

of short awake times, which made me think that maybe the

sleep stages are not recorded correctly as well” (P2). Dreem 2
moving or coming off affected 3/10 of participants’ feelings of
the data being reliable, but when staying in its place, most
thought it was probably the most reliable device: “Dreem 2

was the most reliable device although it did track 1 h less than

other devices on one night” (P8). The sleeping position impacted
tracking, “Sleeping on my stomach, I noticed the headband

would always come off during the night.”(P2). 4/10 doubted
the reliability of data provided by Withings Sleep Analyzer.
There were concerns about whether the mattress would get
affected by the person sleeping next to the participant. The
device had problems recording the awake times during the
night, according to 3/10 participants, in a way that they would
know that they are awake, but the device records it as sleeping:
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“Withings Sleep Analyzer was great in sleep stage monitoring, but

for some nights it recorded I was sleeping at a time I knew I was

not” (P9).

4.2.3. Comfortability and sleep disturbance

The devices that track sleep without user contact,
Withings Sleep Analyzer (4/10) and SleepScore Max
(7/10), were expected to be the most comfortable
devices to use and not disturb sleep. However, Withings
Sleep Analyzer raised concerns in 2/10 of participants
regarding whether the mattress would feel uncomfortable
to sleep on. P7 thought that SleepScore Max looks
like a camera, which might make falling asleep
more difficult.

The comfortability of wearables raised more concerns
than the contactless devices. Dreem 2 was expected to be
uncomfortable to wear, and it may affect sleep, according to all
participants. Fitbit Versa 3 split the views; others thought that it
would be unnoticeable to use especially if you are already used to
wearing a watch during sleep, while others doubted it might not
be comfortable while sleeping: “I do not like wearing anything on
my wrist while sleeping” (P9). Three participants wondered if the
tightness or heaviness would make Fitbit Versa 3 uncomfortable
to use.

4/10 participants thought that measuring sleep itself could
affect the sleep quality negatively: “All devices may have a

negative impact because of stressing about sleep quality” (P4).
On the other hand, P7 believed that the user gets used to the
devices in a week, and P8 thought that the devices probably do
not disturb sleep at all. Even though P6 had some thoughts on
the discomfort of devices, he stated he did not have expectations
regarding sleep disturbance.

Aligned with the expectations, SleepScoreMax andWithings
Sleep Analyzer were comfortable to use since they work
remotely. P3 describedWithings Sleep Analyzer: “Sometimes the

mattress made a small creaky sound during the night” (P3). The
time to fall asleep was affected by some when focusing on the
sleep monitoring aspect. SleepScore Max did not disturb the
sleep when it was connected. However, some experienced the
required effort to connect the device just before going to sleep
negatively affected sleep latency.Withings Sleep Analyzer started
the calibration all over again for somewhen going to sleep, which
moved forward the time falling asleep as well.

As expected, the Dreem 2 was the most uncomfortable
device according to 8/10 participants, even though many stated
it was not as uncomfortable as they assumed. One participant
said he got used to wearing it, and it became unnoticeable after
a couple of nights. 2/10 participants could have used an even
smaller attachment part than the smallest option, and no one
had to change a bigger attachment part to the headband: “I had
the smallest extension part but still thought the headband was not

tight enough, because it moved and also came off the headmultiple

times.” (P2). 3/10 of participants recall waking up during the
night thinking about the research and whether Dreem 2 would
have come off: “I woke up to just feel if Dreem 2 was still on

my head during the night” (P6). For some Dreem 2 charging
slowly moved their sleeping time since they had to wait before
starting the night: “Because Dreem 2 was so slow to charge, I

sometimes had to wait for a long time for it to charge before going

to bed” (P4).
Fitbit Versa 3 disturbed the sleep more of participants that

are not used to wearing watches going to bed. P6 described
that the screen of Fitbit Versa 3 turned on often, which was
disturbing. 2/10 users said Fitbit felt a bit sweaty to use, and one
got a rash out of it. Also, finding a good size was challenging
according to P2, “Adjusting the size of the bracelet was in big

steps, and I was between two sizes, so the watch was either too

loose or too tight.” (P2). P9 said that the research overall was a
bit uncomfortable because of all the devices together and all the
wires of the devices.

Factors affecting sleep: Every morning, the participants
described factors (with an open-ended field) that may have
affected their sleep, either positively or negatively. In the
following we provide an overview of factors that hindered
people’s sleep, as such knowledge might be useful for researchers
planning to track people’s sleep with different approaches.

Related to the device use specifically, we found that during
the tracking week, the devices themselves were experienced to
impact sleep in 15% (7/47) of the nights.

Themost common factor impacting sleep was alcohol. It was
mentioned on 16% (22/134) of nights. Work shifts, holidays,
or unusual sleep schedule (early wake up or stay up late) were
reported on 10% (15/134) nights.

Stress or anxiousness hampered sleep in 7% of nights
(10/134). To ease falling asleep, melatonin intake was reported
three times (3/134). Night-time temperature (too hot or too
cold) impacted sleep quality on 9% (12/134) nights. Also,
sleep partner (4/134) and noise from the neighbors (2/134)
were mentioned.

The daytime activities were identified as contributing to
sleep quality, physical exercise or activity was mentioned in
6% (8/134), relaxing activities, e.g., yoga or meeting friends
4% (5/134), and general daytime activeness 3% (4/134).
Daytime napping was reported in 3% (4/134) of the responses.
Surprisingly, smartphone use was identified as a factor
impacting sleep only in one response (1/134).

Unusual occurrences, e.g., traveling (2/134), pain (1/134), a
fight with someone (1/134), and not exercising as usual (1/134),
were also reported.

4.3. The experienced device performance

The participants filled out the daily sleep tracking survey
every morning, either with a smartphone or desktop computer.
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They reported factors that impacted their sleep quality, if they
faced any issues with the devices and which devices succeeded in
tracking their sleep accurately.

4.3.1. Technical problems

After each tracking night, the participants were asked if
they experienced any technical problems, malfunction or other
issues. Problems were experienced with SleepScore Max in 57%
of nights, with Withings Sleep Analyzer in 39% of nights,
Dreem 2 in 37% and with Fitbit Versa 3 only in 7% of nights.
Two participants (P4, P5) experienced issues with Withings
Sleep Analyzer every night, and two participants (P7, P9) with
SleepsScore Max every night (included in percentages). In one-
quarter of nights (25%), the participants managed to track their
sleep with all the four devices without any technical problems
or malfunctions.

During the research, it was found that to be able to download
the device’s applications and connect them to one’s phone,
and the operating system needed to be IOS 13 or OS 8.0 or
higher than those. It was also found that logging in using Apple
account would make the data transfer harder, so participants
were advised to log in using a Google account instead.

4.3.2. Perceived accuracy of the devices

After each tracking night, the participants were asked to
select the devices that accurately logged their sleep data from
that night (as a summary of bedtime, wake-up time, and total
sleep time). The evaluation is based on participant’s memory,
and can be biased. Dreem 2 was experienced to be accurate most
often, 76% of nights. SleepScoreMax was accurate on 73%, Fitbit
Versa 3 on 67%, and Withings Sleep Analyzer on 46% of nights.
Participants also listed the parameters they felt were inaccurate,
as seen in Table 3.

The participants evaluated how well the provided sleep
metrics correspond to their feeling of alertness and restfulness
in the morning with a Likert scale of one to five, see Figure 2.
Aligned with the experienced accuracy, the Dreem 2 matches
the feelings best. Surprisingly, the SleepScore Max provides
accurate sleep data more often than Fitbit Versa 3, but Fitbit
Versa 3 corresponds to the participants’ own experience and
feelings better.

4.3.3. Ranking of the devices

Finally, participants were asked to rank the devices from best
to worst according to their preferences. The result is aligned
with the experience of accuracy, see Figure 2. Dreem 2 got the
best rank, with half of the participants choosing it as the best
device. Fitbit Versa 3 was second best, SleepScoreMax third, and
Withings Sleep Analyzer fourth. Sleepscore Max and Withings
Sleep Analyzer scorings were affected by the fact that some users

did not get the devices to work at all, which made the devices
useless in their case. SleepScore Max was stylish and easy to use
according to P9, but the companion mobile application wasn’t
good in P4’s opinion. Dreem 2 was reported to be somewhat
uncomfortable but got a good score because of the accurate data.
P4 appreciated the clear companion application of Dreem 2 and
the low number of technical problems. In addition, he described
the device as “exciting.” P6 ranked Dreem 2 as last because he
thought the use was burdensome. P4 had expected Fitbit Versa 3
to be the best device, but after using it, he was not impressed by
its sleep stage monitoring.

4.4. Quantitative comparison of sleep
data

In the following section we analyse the data exported from
the four different sleep trackers, to uncover any significant
differences in the data. The metrics that were not comparable
between devices were not included in the analysis (e.g., sleep
latency was not provided by all devices).

4.4.1. Device comparison across all participants

To enable comparison between devices, we performed
data cleansing for the sleep data as follows. We removed the
SleepScore Max sleep data of P5 night 7, since only awake time
was recorded. Withings Sleep Analyzer did not provide awake
time for all nights. In such cases, we manually added awake
time calculated as total time in bed—total sleep duration. We
tried using different methods of detecting outlier devices during
nights, e.g., using two standard deviations or fixed values like
differences of two or more hours, but it proved challenging to
identify behavior where one device differed from all other three,
or in cases of two outlier behaviors we did not have solid grounds
for determining which device of the two was the outlier, or the
inaccurate one? As our analysis is not based on validating these
devices (as this has already been conducted in the cited works),
but merely to investigate the differences in the tracked data,
the lack of a baseline value does not prove problematic in the
following analysis.

Due to missing entries from some devices for each night
using a typical method of measuring differences with ANOVA
was not feasible as we could not reasonably replace any
missing values. Instead, we compared the devices pairwise
using paired Wilcoxon rank sum test, see Table 4. We
compared the nights with data provided from both devices,
and outliers were removed with Z-score anomaly detection,
and the data points deviating >3 standard deviation were
removed. Figure 3 illustrates the variance from each device
in sleep phase, total bed time and total sleep duration. From
Table 4 we note following statistical differences according to
the Wilcoxon rank sum test, supported by Figure 3 where
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TABLE 3 How often the sleep parameters from each device were experienced as inaccurate.

Parameter Fitbit versa 3 Withings sleep analyzer Dreem 2 SleepScore max

Bedtime 28% 30% 12 % 15%

Wake-up time 22% 19% 16% 9%

Total sleep time 30% 33% 16% 10%

FIGURE 2

Participants evaluated how well did the provided sleep metrics (e.g., total sleep time, sleep score metrics by the device) correspond to their

feeling of alertness and restfulness in the morning.

TABLE 4 Wilcoxon rank sum test results of pairwise comparison.

Comp Sleep time Time in bed Light Deep REM Awake

V p V p V p V p V p V p

D - F 543 0.087 491 <0.05 234 <0.005 950 0.133 1,217 <0.005 0 <0.005

D - S 526 0.059 463 0.315 211 <0.05 379 0.682 705 <0.005 64 <0.005

D - W 184.5 <0.005 240 <0.005 431.5 0.162 174.5 <0.005 719 0.052 120.5 <0.005

F - S 585.5 <0.05 607.5 <0.005 430 0.239 234 0.122 513.5 <0.005 395 0.95

F - W 369.5 0.096 426.5 0.307 738.5 <0.005 162 <0.005 405.5 0.208 526.5 0.522

S - W 153.5 0.106 178 0.399 303 0.066 99 <0.05 119.5 <0.05 204.5 0.982

Devices labels are as follows: D, Dreem 2; F, Fitbit Versa 3; W, Withings; S, SleepScore Max. Statistically significant p-values (<0.005 and <0.05) are highlighted with red color.

FIGURE 3

Distribution of sleep data from each of the four devices.
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we can observe the direction and relation of differences
between devices.

Sleep time: Dreem 2 records shortest sleep duration, and
a statistically significant difference was seen between Dreem 2
andWithings Sleep Analyzer (p < 0.005). In addition, Fitbit and
SleepScore Max differ significantly (p < 0.05).

Time in bed: For time in bed Dreem 2 had significant
differences to Fitbit Versa 3 (p < 0.05) and Withings Sleep
Analyzer (p < 0.005), and Fitbit differed from SleepScore Max
(p < 0.005).

Light: Dreem 2 gives the lowest amount for light sleep,
with significant difference for two highest values, Fitbit Versa
3 and SleepScore Max. Fitbit Versa 3 differed significantly from
Withings Sleep Analyzer.

Deep: Withings Sleep Analyzer differs significantly (p <

0.05) from other devices for measuring deep sleep. No other
significant differences.

REM: SleepScore Max differs significantly from other
devices in REM sleep detection, measuring less REM sleep than
others. In addition, Dreem 2 and Fitbit Versa 3 had statistically
significant difference (p < 0.005).

Awake: Dreem 2 differs statistically (p < 0.005) from all
other devices, it measures lowest numbers for the awake time.
This might be explained by the use, the headband might be
taken off right after waking up, but the sleeper might stay in
bed after that. No significant difference in awake time between
other devices.

The share of each sleep stage may vary between individuals,
but on average, a healthy adult has 13–23% deep sleep, 20–25%
of REM sleep (Altevogt and Colten, 2006). The rest is light sleep
(52–67%). Arousals are a normal part of sleep (Halász et al.,
2004), and it depends on the sleep tracker how these are taken
into account in the metrics. Some trackers specify restless sleep,
and some count the arousals as time awake. Deep sleep, REM
sleep and light sleep add up to total sleep time. Awake time,
including sleep onset period and being awake in bed during
the morning, and total sleep time equal to total time in bed.
Table 5 provides the mean and standard deviation for the share
of each sleep stage across all participants and nights. As we see,
the average share of deep sleep exceeds the common average
in the metrics by Withings Sleep Analyzer and the share of
REM by Dreem 2. The observations of deep sleep by Withings
Sleep Analyzer differed also statistically from all other devices.
REM sleep differed statistically from SleepScore Max and Fitbit
Versa 3.

4.4.2. Participant-wise device comparison

As mentioned in Section 4.3.1, the participants experienced
several device issues. Only one-quarter of nights, there was no
reported malfunction in any of the devices. Table 6 shows that
our participants were able to successfully collect data with an
average of 3.0 devices per night. P3 was able to track his sleep

TABLE 5 The mean share of sleep stages of total sleep time as

percentages, standard deviation in brackets.

Device Light sleep Deep sleep REM sleep

mean ± sd mean ± sd mean ± sd

Dreem 2 50.3%± 11.2 21.0%±9.0 30.1%±9.8

Fitbit Versa 3 59.5%±12.7 17.1%±6.2 22.5%±7.5

SleepScore Max 60.1%±11.9 21.4%±9.2 18.7%±8.3

Withings Sleep Analyzer 49.8%±14.3 26.5%±11.1 23.0%±9.6

Healthy adult 52–67% 13–23% 20–25%

with four devices every night, but P4 faced technical problems
ending up with average of 1.7 devices per night with successfully
collected sleep data.

To characterize the difference in the sleep data provided by
different devices, we counted the difference between the highest
and lowest observation for each night. For P10, the mean of this
difference was only 39 min (SD = 30) for the week and for P9,
44 min (SD = 21), while in P5’s sleep data, the average difference
between the highest and lowest observation per night is 197 min
and for P8 it is 151 min. Figure 4 illustrates the variation in
total sleep time for these participants. We see that for P10 and
P9, the devices give somewhat similar results, but P5 and P8
have versatile results for each night. The collected data between
devices and participants varied highly, as shown in Table 6 which
summarizes these differences.

The daily sleep survey helps reveal some reasons for gaps
in the data. For example, P10 was missing data for all devices
except Fitbit on night 6, and from the daily survey, we could
observe that this was likely due to sleeping alone that night
(as opposed to next to someone on all other nights). Although
we cannot clearly explain what causes these differences between
participants, suboptimal sleeping conditions and non-constant
variables related to sleep hygiene most likely influence end-user
sleep quality and the quality of data collection in these studies.

As mentioned in Section 4.3.1, the participants experienced
several device issues. Only one-quarter of nights, there was no
reported malfunction in any of the devices. Table 6 shows that
our participants were able to successfully collect data with an
average of 3.0 devices per night. P3 was able to track his sleep
with four devices every night, but P4 faced technical problems
ending up with average of 1.7 devices per night with successfully
collected sleep data.

To characterize the difference in the sleep data provided by
different devices, we counted the difference between the highest
and lowest observation for each night. For P10, the mean of this
difference was only 39 min (SD = 30) for the week and for P9,
44 min (SD = 21), while in P5’s sleep data, the average difference
between the highest and lowest observation per night is 197 min
and for P8 it is 151 min. Figure 4 illustrates the variation in
total sleep time for these participants. We see that for P10 and
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TABLE 6 Mean di�erence between the lowest and highest result for each night for all parameters (in minutes).

# of devices 1 Total sleep 1 Bed time 1 awake 1 deep 1 REM 1 light

Part M ± sd M ± sd M ± sd M ± sd M ± sd M ± sd M ± sd

P1 3.6± 0.8 49.1± 36 58.4± 58.3 29.6± 16.1 35.4± 18.2 55.3± 14.7 58.1± 43.8

P2 3.6± 0.5 117.9± 95.2 98.9± 68.7 59.4± 18.1 82.1± 55.3 96.2± 24.7 108.4± 59

P3 4± 0 110.6± 97.8 154.7± 94.5 85.4± 33.3 107.9± 38.9 96.4± 49.2 138.4± 46.1

P4 1.7± 1 55.4± 99.1 64.9± 105.7 25.1± 33.6 22.4± 30.5 29.6± 41.3 71.1± 103.6

P5 2.4± 0.8 196.7± 128.1 95.9± 92.4 155.2± 85.7 57.7± 36.5 80± 68.2 79.9± 57.3

P6 3.4± 1 137.7± 122 185.4± 143.2 74.1± 32.3 47.5± 36.3 79.5± 36.9 116.9± 86.6

P7 3± 0 65.9± 44 61.3± 34.6 67.9± 25.1 37.4± 18.5 46.6± 21.6 95.3± 54

P8 2± 0.6 151.2± 168.5 178.8± 201.9 37.6± 36.6 23.9± 28.6 39.4± 33.2 101.2± 117.4

P9 2.7± 0.5 43.5± 21.3 54.1± 20.1 50.6± 11.3 82.4± 23.6 44.5± 18.4 53.3± 33.1

P10 3.6± 1.1 38.6± 30.1 51.1± 50.8 55.8± 29.8 36.8± 26.3 100.3± 76.1 108.3± 65

All 3.0±1.0 96.7±103.77 100.3±107.1 64.1± 50.1 53.4±41.2 66.8±47.6 93.1±71.5

First column denotes average number of devices that successfully logged sleep data during the study period.

FIGURE 4

Example of high/low variance in di�erent devices: total sleep time of four participants per each night by di�erent devices. On the left, range of

P10 and P9 sleep tracking results is narrow. On the right, the sleep tracking data deviates more for participants P5 and P8.

P9, the devices give somewhat similar results, but P5 and P8
have versatile results for each night. The collected data between

devices and participants varied highly, as shown in Table 6 which
summarizes these differences.
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The daily sleep survey helps reveal some reasons for gaps
in the data. For example, P10 was missing data for all devices
except Fitbit on night 6, and from the daily survey, we could
observe that this was likely due to sleeping alone that night
(as opposed to next to someone on all other nights). Although
we cannot clearly explain what causes these differences between
participants, suboptimal sleeping conditions and non-constant
variables related to sleep hygiene most likely influence end-user
sleep quality and the quality of data collection in these studies.

5. Discussion

This work describes user expectations and experiences
of using four commercially available sleep tracking devices.
Further, we analyze the sleep data quality collected in home
settings by these devices. We first discuss on the experiences
collected via interviews, and then we highlight the takeaways
and recommendations on research point of view.

5.1. User perception of sleep trackers

If the user has only one device (expected to be the
typical use case), the user compares the sleep metrics to
his subjective experience. Previous research has identified
different perceptions toward the sleep data, the user may
be trusting (agrees with the data), neutral (either agree or
disagree) or doubtful (own experiences mismatch with the data)
(Kuosmanen et al., 2022). Further, not only does the subjective
experience impact the data validity (experienced sleep quality
compared to data), the functionality and physical appearance of
the device and the user interfaces, and the device’s reputation
may affect the data credibility (Liang and Ploderer, 2020). We
discussed the participants’ expectations of the devices before the
data collection.

Participants generally expected contactless sensing devices
(Withings Sleep Analyzer and SleepScore Max) to be easy
to use, and wearables that are put on when going to bed
(Dreem 2) require more effort. Some based their expectations
on the reputation of the device or familiarity with the
device or its sensors, and some of the more exotic tracking
methods were initially thought to be unreliable or non-
functional. Liang and Ploderer (2020) found out that agreement
with the pre-assumptions increases the credibility of collected
data. Alternatively, the Expectation Disconfirmation Theory
suggests that if negative expectations are not experienced, users
experience more satisfaction and trust in the device (Lankton
and McKnight, 2012; Lankton et al., 2014). The functionality
and reliability of more "exotic" sensors were initially doubted,
but ultimately, the participants were convinced of these
technologies. It was also reported that using a combination of
four sleep trackers impacted the participants’ sleep quality and

caused more sleep disturbances than, e.g., stress or unusual sleep
schedules. So even if sleep trackers are generally obtained to
improve sleep quality through a data-driven approach, they can
also negatively affect your sleep.

During the tracking, our participants reported multiple
challenges similar to challenges that emerged in work by Liu
et al. (2015). Some devices cause physical discomfort or stress.
The user had to wait until the battery was fully charged
before going to sleep, or the battery could run out during
the night. Practical issues, such as a partner moving or the
device becoming misplaced (Dreem 2), made users doubt the
accuracy of the data. Similar issues were also reported by
Liang and Ploderer (2020). The automatic detection of sleep
was experienced as effortless, but on the other hand, it might
misinterpret as lying in bed as sleep. Some took naps during
the day, wearable devices may track the nap automatically, but
if you just happen to fall into sleep on the couch, the wear-on or
in-bedroom trackers miss those. The incorrect sleep detection
was also categorized as development immaturity in Liu et al.
(2015), along with problems with lost data when updating the
smartphone software. Our participants experienced issues with
synchronization, and some did not manage to get the devices
working at all. Also, data export issues were experienced in both
studies. In general, the participants had doubts about tracking
reliability. The result congruence also raised questions. The
data from one device might differ for some nights without an
understandable reason. For some participants, the data provided
by the different devices conflicted.

The user reflects the data on his own experience on his
sleep quality. Understanding our sleep is sometimes difficult,
as we do not remember or feel, e.g., the sleep cycles.
Different devices provide the same sleep metrics but might
be differently calculated. For example, some devices count
micro-arousals as awake time while others report them as
restless sleep. Interpreting these differences when comparing
the numbers might require understanding the definitions of the
provided metrics.

5.2. Challenges for sleep trackers

Unique sleep habits pose a challenge for the current sleep
tracking technologies; e.g., P5 described that he sometimes goes
back to sleep after a cup of coffee in the morning, and told
that it is easy to forget to put on the trackers that have to be
started for tracking. In such situations, wearables with automatic
sleep detection, like Fitbit Versa 3, detect going back to sleep
accurately, but many devices might cease sleep tracking. This
will unavoidably result in differences in detected sleep duration.
Depending on the proprietary algorithm, the device might count
the second sleep period as part of the night sleep, as a nap, or not
at all. P3 said that when he wakes up to the first alarm on work
days, he checks his email and continues sleeping. He noticed that
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all trackers missed him waking up. These experiences highlight
the importance of qualitative data collection in sleep research.
The reason for deviating sleep metrics should be captured by
daily qualitative data collection.

Future visions exist of using the data collected by self-
tracking devices in healthcare. However, the accuracy of the
data collected by different devices may not be comparable with
the vision. So far, people can use the devices to gain awareness
of factors influencing sleep. Even though the accuracy of the
consumer sleep tracking device was not perfect, if the bias is
static, the trends and changes in sleep can be detected, e.g., due to
stress, the amount of overall sleep and the amount of deep sleep
have decreased this week. If the measurement cannot be done
successfully and repeatedly, e.g., the device is misplaced during
the night, then the results are less valuable. These problems and
challenges are also evident for research use, which often relies
on long-term tracking on digital devices like mobile phones
or wearables.

5.3. Takeaways and recommendations for
research

One of the main emerging takeaways from our analysis of
both the quantitative and qualitative data is that sleep trackers
lack reliability, both regarding the data they provide but also the
reliability of the data collection.

In the study by Chinoy et al. (2021), the sleep data was
collected in a lab via consumer-grade sleep trackers. Even
though the paper describes their practices to ensure successful
data collection, there was data loss with all devices on some
nights. Hence, we expected to face some challenges in our
study, as the data collection is done in real-life independently
by participants. Yet, it was surprising how many problems the
participants faced in using the devices.

Three of the four devices (Withings Sleep Analyzer,
SleepScore Max, Dreem 2) were designed solely for sleep
tracking, yet those three devices all ended up being less reliable
than the Fitbit Versa 3. The trio also shared a more diverse set
of problems regarding reliability than the Fitbit Versa 3, and
even though the smartphone fulfilled the technical requirements
reported by the manufacturer, the connection did not work at
all with Withings Sleep Analyzer and SleepScore Max for some
participants. The only mentioned reliability issue with Fitbit
Versa 3 was tracking sleep stages (awake time in particular), but
these issues were shared across all four devices (and seen in the
quantitative analysis).

Another highlight was the high variance in sleep metrics
provided by different devices. When comparing sleep statistics
between devices across all participants, the differences were
aligned with previous studies. For example, we noticed that
Dreem 2 gives assesses the shortest awake time, a statistically

significant difference from other devices. This is aligned with
Arnal et al. (2020); compared to PSG, Dreem 2 underestimated
the wake time. Further, we noticed that SleepScore Max
measures the shortest time for REM sleep, with a statistically
significant difference to Dreem 2 and Fitbit Versa 3, similar to
Zaffaroni et al. (2019).

Even though the devices achieve good accuracy in validation
studies in a controlled environment, and our combined statistics
are aligned with prior research in terms of the accuracy features
in each device, in practice, devices often fail to measure sleep
accurately. When comparing the sleep statistics between devices
participant-wise, we noticed variation between participants in
the range of sleep parameters from single night. From the
perspective of conducting research with these devices, this can
be considered concerning. For instance, some participants got
similar results with all devices, e.g., for P10, the difference
between the maximum and minimum observation of total
sleep time was, on average, 39 min per night. But for some,
the differences were much more significant, e.g., P5’s data
showcased an average difference of 197 min (3h 17min) between
a minimum and maximum measurements of a night. The
average sleep time for one night across all devices for P5 was
6h 2min.

The following is a set of lessons learned and
recommendations for guidelines on studies looking
to incorporate sleep tracking as part of the data
collection procedure.

5.3.1. Device selection should match purpose
of study

To ensure accurate data, a researcher should study the
validation studies for each device to pinpoint what metrics are
accurately provided by that device; e.g., Dreem 2 underestimates
awake time, Fitbit tends to overestimate each sleep phase,
SleepScore Max underestimates REM, etc. Unless the sleep
metric is validated as accurate, the study dataset could suffer
from noise and low quality data.

One option for a study design would be to focus on a specific
sleep metric andmake the device choice based on its capabilities.
If one’s study is to measure the effect of yoga on deep sleep or
late-night gaming on awake periods, the choice of the device
should reflect this choice. A device chosen haphazardly might
significantly skew the results if that device does not provide
accurate information on the required metric.

However, the variation in sleep duration tracking was
dependent on the participant. If the study focuses on generic
sleep duration or tracks sleep timing, the choice of the device
would be best based on how the technology best fits in the
participants’ daily life. For example a stationary device like
Withings Mattress would not be suitable for a participant who
travels or otherwise spends their nights in more than one
location if the study’s goal is simply to track sleep timing.

Frontiers inComputer Science 13 frontiersin.org

https://doi.org/10.3389/fcomp.2022.971793
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org


Kuosmanen et al. 10.3389/fcomp.2022.971793

5.3.2. Incorporate qualitative methods for data
validation

Both data losses and data inconsistencies are issues in any
field study. Although sleep diaries are likely not as effective
measurement methods as digital sleep trackers, the use of
daily or weekly diaries, surveys, or other qualitative logging
methods can ensure that any inconsistencies or abnormal
behaviors in data get captured. These methods can help
researchers make sense of otherwise unrecognizable behavior
reflected in the datasets. Identifying reasons for potential
outliers can help in the decision to discard or hold on to
data entries. The unique habits impacting sleep data collection
(mentioned in Section 5.2), can be also identified through
qualitative data.

5.3.3. Ensure su�cient instructions and testing

In our week-long study setting, the participants experienced
surprisingly many technical difficulties or other problems
in collecting data about their sleep. Three out of four
devices (except for Fitbit) had some form of difficulty
on 37%-57% nights during the study. Fitbit was likely
the most straightforward device to use - one would wear
it throughout the day (and night) and charge it every
few days. All other devices required further instructions
or set-up to be reliable. Even though the researcher
conducting the study visited the participant’s home and
gave instructions regarding setting up the devices, Wi-
Fi connections, how to use the companion applications,
etc., many participants, both young adults (20–30) or
older (40-) participant groups suffered from data gaps or
other problems.

We hypothesize that the sleep routines of a user might
impact the accuracy of some devices, e.g., P2 described he
tends to sleep on his stomach, which tends to displace the
Dreem 2 headband. SleepScore Max user manual describes
that the device has to be placed 40–120 cm from the
sleeper, the bottom of the device shall be higher than
the mattress, and the device should face toward the user’s
chest with no obstacles (e.g., a glass of water) between
the device and the sleeper. We do not know how closely
the participants have followed this guidance in practice.
Hence, the requirements should be communicated well for
the participants.

Many of the devices instruct users to treat initial days of
use as calibration periods, and the researchers should leverage
a similar approach; not necessarily to ensure more precise data
quality but to ensure any initial problems with the device used
in a study are sorted out at the beginning of the study. Naturally,
we would advocate the researchers themselves to be experts or
at least proficient in using the selected device - especially if the
device uses any less traditional sleep tracking methods, like the
contactless devices used in our study setting.

5.3.4. Consider the length of your study period

Lastly, we would advocate for researchers to consider how
much data they expect to collect during their study. With most
devices, significant data loss or data gaps will occur, or at
least there is a high probability of such an event. The study
duration should be adapted to ensure a sufficient amount of
data will be collected. Other considerations for study duration
should also be taken from more generic guidelines regarding,
e.g., participant interest declining over the first few weeks
of study in any setting where the participant is required to
actively participate.

Additionally, researchers should have a risk management
plan for cases where significant technical problems occur or if
more minor technical problems result in declining participant
motivation to continue participation. For example, using the
Dreem 2 device can be experienced as burdensome—even
though most participants stated that they got used to wearing
it relatively quick—and if the participant experiences both sleep
disturbances (even minor ones) and technical problems with
the devices, this could rapidly lead to ending their participation.
Researchers should have a backup plan for such cases.

5.4. Limitations

Sleep tracking devices typically have a calibration period
where the device adapts its algorithms to the user, e.g., Dreem
2 algorithm recommends a calibration time of 1 week before
adjusting. This could impact the data collected in this study,
similarly to the studies cited in our work which largely also
neglect such calibration periods. The validation studies for
SleepScore Max were performed on an earlier device model
(the S+) which uses the same SleepScore algorithm than the
SleepScore Max.

The sample size in this study is not large enough to make
any statistical conclusions on the accuracy of used devices,
this paper presents general problems with using sleep trackers
in research. Further, when comparing the sleep data pairwise
between devices, multiple data points are collected from each
participant, which may violate the independency assumption.
Further research is warranted to study the differences
between devices.
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