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Study Objectives: Consumer wearable devices may be a helpful method of assessing sleep, but validation is required for their use in clinical practice. Our aim
was to validate two models of Fitbit sleep trackers that rely on both accelerometer and heart rate sensors against polysomnography in participants with obstructive
sleep apnea (OSA).
Methods: Participants were adults presenting with symptoms of OSA and attending our outpatient sleep clinic. A polysomnography (PSG) was applied to all
participants at the same time they were wearing a Fitbit sleep tracker. Using paired t tests and Bland-Altman plots, we compared the sleep measures provided by
the wearable devices with those obtained by PSG. Since Fitbit devices’ automatic detection of sleep start time can cause bias, we performed a correction using
Huber loss function-based linear regression and a leave-one-out strategy.
Results: Our sample consisted of 65 patients. Diagnosis of OSA was confirmed on 55 (84.6%). There were statistically significant differences between
PSG and Fitbit measures for all sleep outcomes but rapid eye movement sleep. Fitbit devices overestimated total sleep time, and underestimated wake after
sleep onset and sleep onset latency. After correction of bias, Fitbit-delivered measures of sleep onset latency did not significantly differ of those provided
by PSG.
Conclusions: Fitbit wearable devices showed an acceptable sensitivity but poor specificity. Consumer sleep trackers still have insufficient accuracy for clinical
settings, especially in clinical populations. Solving technical issues and optimizing clinically-oriented features could make them apt for their use in clinical practice in
a nondistant future.
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BRIEF SUMMARY
Current Knowledge/Study Rationale:Electronic wearable devicesmay be useful sleep assessment tools, due to their objectivity, availability to the general
population and capacity to monitor sleep continuously. However, commercial wearable devices require validation in both healthy and clinical population.
Here we explore the validity of two wearable devices against polysomnography in 65 patients with suspected obstructive sleep apnea (OSA).
Study Impact: This is the first study that validates Fitbit devices in patients with OSA, and the largest one performed in this population. It is also the first time
Fitbit Alta HR is validated in a clinical sample. We found that this technology is still not accurate enough for clinical practice. However, the potential of these
devices calls for further research, which should involve the collaboration between both developers and health care providers.

INTRODUCTION

Sleep disorders are highly prevalent in the general population
and they are associated with impaired quality of life and in-
creased mortality.1–3 Additionally, several forms of disturbed
sleep, such as insomnia, nightmares or sleep apnea, have been
consistently associatedwithmental disorders and increased risk
of suicide.4–6

Traditional sleep assessment methods have several limita-
tions. Polysomnography (PSG) is considered the gold standard,
as it allows for an objective and accuratemeasurement of sleep.7

However, PSG is an expensive technique, which requires

medical assistance for its application and needs to be carried out
in a hospital or clinic, thus altering the usual sleep environment.
This also means that it cannot be implemented for more than a
few nights in a row, typically just one or two.8

On the other side of the spectrum, we find sleep ques-
tionnaires and diaries, which are inexpensive and pre-
serve the natural sleep environment, but present with issues
such as subjectivity, recall bias and high dependence
on adherence.8

Consumer wearable devices may be a valuable addition
to sleep assessment tools. Wearable devices, sometimes re-
ferred to as sleep trackers, are multisensory devices equipped
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with an accelerometer and a heart monitor. They are a type
of actigraphs in the sense that they record and graphically
represent human activity over time. Different possible algo-
rithms can be used to interpret data collected and provide in-
formation about sleep function. These devices aim to be
objective in their measurement, and they have shown higher
adherence than questionnaires since they require less effort
from participants.8 Disregarding the initial inversion of the
purchase—which is rapidly decreasing as the market grows—
they are much less expensive than PSG and allow for
a day-to-day collection of information on a more valid
ecological setting.8–10

Despite their potential applications, wearable devices
are still commercial products, and they have been developed
by nonmedical personnel. Their interpretation varies widely
depending on the algorithm used, and they present with pre-
cision issues. The clinical use of wearable has been discour-
aged by some studies, as it was considered that they did not
reach acceptable psychometric properties yet. The American
Academy of Sleep Medicine (AASM), in a recent position
statement about consumer sleep technology, highlights the
need of validation of these devices before they can be used in
clinical settings.10

Most previous validation studies of wearable devices are
based on healthy populations.11–15 Since assessment may be
less accurate in the presence of sleep disorders and other
conditions,11,12 it is necessary to validate the different wear-
able devices in clinical populations before we can apply them
for health care purposes. There are only a few studies that
have included people with sleep disorders in their sample,
mostly in pediatric populations.16–18 Only recently, the first
validation study of wearables devices in adults with sleep apnea
has appeared in scientific literature.19 In this study, Jawbone
(Jawbone, San Francisco, California, United States) and With-
ings (Withings, Issy-les-Moulineaux, France) sleep trackerswere
compared with PSG in 36 patients with OSA symptoms. Ad-
ditionally, a recent review exploring the use of electronical de-
vices for the diagnosis of sleep-disordered breathing showed that
most studies had quality issues, such as not reporting the soci-
odemographic characteristics of their samples.20

Most devices that have been studied employ only acceler-
ation (actigraphy) sensors to determine the sleep status, with the
notable exceptions of the Fitbit Charge 2 (Fitbit, Inc., San
Francisco, California, United States)15 and the Withings Pulse
O2.19 Both the Fitbit Charge 2 and the Fitbit Alta HR can
measure heart rate using photoplethysmogram (PPG) sen-
sors. The combination of both measurement tools drastically
improves precision. Thus, the aim of this study was to
validate two models of Fitbit wearable devices—Fitbit
Charge 2 and the Fitbit Alta HR—against PSG for the mea-
surement of sleep in participants with OSA.

Table 2—PSG and Fitbit sleep outcomes and difference of means.

PSG Fitbit Mean Diff. SD
95% CI

t P
Mean (SD) Mean (SD) Lower Upper

TST 313.63 (64.87) 373.42 (94.25) −59.78 99.92 −84.54 −35.02 −4.824 < .001

WASO 73.72 (48.38) 37.58 (17.38) 36.14 48.60 24.09 48.18 5.995 < .001

WASO-corrected 73.72 (48.38) 633.74 (336.96) −560.02 338.46 −643.89 −476.15 −13.340 < .001

SOL 27.56 (24.56) 4.35 (8.23) 23.22 24.47 17.15 29.28 7.648 < .001

SOL-corrected 27.56 (24.56) 157.80 (24.56) −130.23 721.60 −309.29 48.81 −1.453 .151

Light sleep * 146.94 (60.11) 215.76 (45.61) −68.82 76.77 −95.61 −42.04 −5.227 < .001

Deep sleep * 113.03 (48.47) 38.79 (23.08) 74.24 46.00 58.18 90.29 9.409 < .001

REM sleep * 51.37 (28.22) 54.15 (19.51) −2.78 33.32 −14.41 8.85 −0.486 .630

Awake 73.24 (54.96) 31.31 (18.73) 41.93 55.92 28.07 55.79 6.045 < .001

* Only whenworking on 4-stagemode (n = 34). PSG=polysomnography,REM= rapid eyemovement, SD =standard deviation, SOL = sleep onset latency, TST =
total sleep time, WASO = wake after sleep onset.

Table 1—Characteristics of the sample.

Total Sample
(n = 65)

Charge 2
(n = 31)

Alta HR
(n = 34)

Sex, n (%)

Male 42 (64.6) 18 (58.1) 24 (70.6)

Female 23 (35.4) 13 (41.9) 10 (29.4)

Age, years, mean (SD) 58.84 (13.84) 56.87 (17.50) 60.71 (9.26)

BMI, kg/m2, mean (SD) 29.60 (4.70) 28.27 (4.77) 31.10 (4.23)

Diagnosis, n (%)

Normal 7 (10.8) 5 (16.1) 2 (5.9)

New OSA 42 (64.6) 20 (64.5) 22 (64.7)

Known OSA
(CPAP titration)

13 (20.0) 4 (12.9) 9 (26.5)

Other 3 (4.6) * 2 (6.4) 1 (2.9)

ESS score, mean (SD) 10.05 (4.28) 9.88 (4.62) 11.00 (3.82)

AHI, events/h, mean (SD) 26.06 (21.72) 27.52 (21.56) 24.97 (22.12)

Level of accuracy, n (%)

3-stage mode 31 (47.7) 14 (45.2) 17 (50.0)

4-stage mode 34 (52.3) 17 (54.8) 17 (50.0)

* 1 epilepsy, 1 restless leg syndrome, and 1 inconclusive. AHI = apnea-
hypopnea index, BMI = body max index, CPAP = continuous positive airway
pressure, ESS = Epworth Sleepiness Scale, OSA = obstructive sleep apnea,
SD = standard deviation.
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METHODS

Setting and Design
This study was performed in agreement with the Declaration
ofHelsinki ethic requirements,21 and approved by theResearch
Ethic Committee of the University Hospital Jimenez Diaz
Foundation. All participants gave their written, informed
consent to participate in the study. The Standards for the
Reporting of Diagnostic accuracy (STARD) guidelines were
followed where applicable.22

Sample
Adult patients that had been referred to our outpatient sleep
clinic at the University Hospital HLA Moncloa in Madrid,
Spain, were approached to participate in the study. Inclu-
sion criteria were: being aged older than 18, presenting
with known OSA or symptoms of sleep apnea assessed by
a clinician, and providing informed consent to partici-
pate in the study. Exclusion criteria were: not being able
to understand the inform consent and therefore to agree to
it, presence of dementia or severe cognitive impairments,
and being outside the age range. Sample recruitment and
data collection took place between 2017 and 2018 and
lasted 6 months.

PSG Measures
PSG was the gold standard against which we compared the
wearable devices. Standard overnight video-EEG-PSG recordings
were obtained with a computerized sleep recorder (Easy [Cadwell,
Kennewick, Washington, United States] or Xltek Brain Monitor
[Natus Medical Inc., Pleasanton, California, United States]). Pa-
tients underwent the following recordings: a 5-channel EEG
with bipolar montages following the International 10–20
system to place electrodes in standardized scalp locations, an
electrooculogram (EOG) (2 channel), a submental electro-
myogram (EMG), and an electrocardiogram. Thoracic and
abdominal movements were recorded by inductance plethys-
mography, and airflow pressure by an oronasal cannula.
Oxygen saturation was recorded continuously from a trans-
cutaneous sensor (oximetry). And bilateral tibialis anterior
electromyogram were also recorded. The results were later
scored by a trained neurophysiologist. PSG registered
five stages of sleep: awake, rapid eye movement (REM)
sleep, stage N1 sleep, stage N2 sleep, and stage N3 sleep.
Epochs of 30 seconds were used for scoring, following
AASM guidelines.23

Fitbit Measures
Participants wore a Fitbit sleep tracking device in their wrist at
the same time as the PSG was being performed.

Two models of Fitbit wristbands were used: the Fitbit
Charge 2, released in 2016, and the Fitbit Alta HR, released in
2017.24,25 Both devices are equipped with a three-axis accel-
erometer and a heart-rate monitor. They have similar operative
systems and are expected to provide comparable results when
used under the same conditions. The decision of using either one
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of the two models was made aleatorily and blindly by the en-
gineers prior to meeting the participant.

Under ideal conditions, the Fitbit devices are able to record
four stages of sleep: awake, light sleep, deep sleep, and REM
sleep. Light sleep is referred to by the provider as the first
stage of sleep, followed by deep sleep and REM sleep. In
order to make comparisons between PSG and Fitbit devices
we decided to equate light sleep with N1 and N2 stages
measured with the PSG, while we considered deep sleep as
tantamount to N3. These decisions were made after consulting
with a neurophysiologist.

When a 4-stage level of precision is not reachable, the device
simplifies measurement to three stages: awake, asleep, and an
intermediate/indeterminate state labeled restless. Because the
definition of restless provided by the developer was ambigu-
ous, we decided to consider restless as amissing value, and only
took into consideration the binary variable awake/asleep while
the device was running on 3-stage mode.

As with the PSG, 30-second epochs were used. PSG and
Fitbit devices were started at the same time. Engineers super-
vised the correct functioning of the Fitbit devices. Data were
collected using the Fitbit application installed in a smartphone
that was synced with the device.

All data were anonymized and uploaded to a secure web
server. The algorithm used to interpret the results was the
default one provided by the developers. This algorithm is not
publicly available, nor it is possible to access raw data gen-
erated by the devices.

Outcomes
We obtained the following sleep outcomes: total sleep time
(TST), sleep onset latency (SOL), and wake after sleep onset
(WASO), and time spent in the four stages of sleep considered
after grouping N1 and N2 into light sleep: awake, light sleep,
deep sleep and REM sleep. Sensitivity was defined as the
proportion of asleep values correctly identified as such by the
wearable device over the total asleep PSG values. Specificity
was the proportion of awake values correctly detected by the
device. Both variables were expressed as percentages. Addi-
tionally, sociodemographic and clinical variables were col-
lected from the patient’s clinical records.

Statistical Analysis
For each sleep measure, we calculated the mean and standard
deviation of each sleep measure provided by the PSG and the
Fitbit devices. Differences between assessment tools were es-
timated using paired t tests and Bland-Altman plots.

Sensitivity and specificity were calculated with cross-
tabulation, using chi square tests to determine statisti-
cal significance. We performed a subgroup analysis to test
if there were any differences between the Fitbit Charge
2 and the Fitbit Alta HR models. We also explored
whether there were differences between 3-stage and 4-stage
measurement modes.

Statistical significance was stablished at P < .05, with two
sided tests, and 95% confidence intervals. We used the SPSS

Figure 1—Bland-Altman plot for total sleep time.

PSG = polysomnography, TST = total sleep time.
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version 24.0 software (IBMCorp., Armonk, NewYork, United
States) to perform the statistical analyses.

Bias Correction Method
Unlike PSG, both Fitbit Charge 2 and Fitbit Alta HR automatically
detect when the person falls sleep, which can be a source of bias,
especiallywhenmeasuringSOL.To correct this biasweperformed
a “Leave-One-Out” strategy26 using the formula:

SOLFitbit corrected =} SOLFitbit + β

Where, for eachpatient, the coefficientsαandβ are calculated by
minimizing the regression error (SOLFitbit corrected – SOLFitbit)
in the data from the rest of the patients. Instead the tradi-
tional square error loss function, we employ the Huber loss, less
sensitive to outliers.27,28

RESULTS

Baseline characteristics of the sample are presented in
Table 1. Our sample consisted of 65 participants aged 22–85
years. There were 42 (64.6%) men and 23 (35.4%) women.
With the information provided by the PSG, clinical diag-
nosis of OSA, in conformity with DSM-5 criteria,29 was
reached in 42 (64.6%) participants. 13 participants (20.0%)
had a known OSA at baseline and attended our clinic for

CPAP titration, which adds up to a total 55 participants with
OSA (84.6%).

Fitbit Charge 2 was used in 31 participants, while Fitbit Alta
HRwas used in 34. Three-stagemodewas on during 31 (47.7%)
of the tests, while 4-stage mode was on during 34 (52.3%). The
indeterminate restless stagewas registered in 6.5%of the epochs
while on 3-stage mode. Fitbit Charge 2 provided a 4-stage
measurement a nonsignificant greater number of times than
Fitbit Alta HR (50.0% versus 54.8%; P = .702).

With the exception of REM sleep (P = .630), t paired tests
revealed statistically significant differences between PSG and
Fitbit measures for all sleep outcomes (P < .001). The Fitbit
devices overestimated TST by on average 59.78 minutes (95%
CI −84.54, −35.02; P < .001), while WASO and SOL measures
were underestimated by 36.14 minutes (95% CI 24.09, 48.18;
P < .001) and 23.22 minutes (95% CI 17.15, 29.28; P < .001)
respectively.Mean values and differences in sleep outcomes are
presented in Table 2.

Overall sensitivity was 87.81% (95% CI 79.87–95.76),
while specificitywas 43.85% (95%CI 31.79–55.91). In patients
with confirmed OSA, sensitivity and specificity were 87.61%
(95% CI 85.19–90.03), and 44.77% (95% CI 37.96–51.58),
respectively. In patients with OSA who were under CPAP
treatment, sensitivity was 88.20% (95% CI 81.78–94.62), and
specificity was 55.08% (95% CI 39.94–70.22), and in pa-
tients who tested negative on the PSG, sensitivity was 89.28%
(95% CI 82.69–95.87), and specificity was 39.53% (95% CI
15.05–64.01) (Table 3).

Figure 2—Bland-Altman plot for wake after sleep onset.

PSG = polysomnography, WASO = wake after sleep onset.
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There were no statistically significant differences in sensi-
tivity between Fitbit models (P = .743). Specificity was sig-
nificantly higher with Alta HR (P = .06). Sensitivity (P < .001)
and specificity (P = .003) significantly increased when the
devices were on 4-stage measurement mode (Table 3).

Bland-Altman plots for TST, WASO and SOL are pre-
sented in Figure 1, Figure 2, and Figure 3. Figure 4 presents
the modified Bland-Altman plots for SOL, accounting for the
potential bias derived of the different initialization setup be-
tween PSG and Fitbit.

DISCUSSION

In this study, we compared two different models of Fitbit
wearable devices against PSG in a sample of adults with sleep
apnea. Fitbit wearable devices showed acceptable sensitivity
but poor specificity, with a tendency to overestimate TST and
underestimate SOL and WASO.

Previous validation studies of Fitbit devices reported a
similar overestimation of TST and a high sensitivity at the
expense of specificity.11,15,30 Overall, we found a lower pre-
cision than usually reported before. These differences may
be caused by our using a clinical population. Other previous
studies performed in clinical populations have also found dif-
ficulties inmeasuring sleepwithwearable devices. For instance,
a 2017 study found that the accuracy of the Fitbit Flex device
was significantly lower in participants with insomnia compared

with good sleepers,18 while a later study found an overall
poor accuracy in assessing sleep with the Jawbone device in
individuals with suspected central hypersomnolence.31 In our
study, we did not find statistically significant differences be-
tween participants with and without OSA, but the low number
of the latter makes it difficult to extract conclusions. It would
be useful to compare larger samples of clinical and nonclinical
populations under the same conditions of observation to as-
certain this finding.

Precision increasedwhen the 4-stagemeasurementmodewas
on. Therefore, solving the technical issues that prevent the
devices from entering into this mode should be a priority for
future developments. Another technical issue was the different
configuration of PSG and Fitbit regarding the detection of sleep
start time. The analysis we performed to minimize this bias
significantly improved the precision of the SOLmeasurements,
revealing a weakness in the devices that could be solved by the
developers without excessive difficulty. Identifying and cor-
recting this and other systematic errors could be a cost-effective
way of improving precision. This also shows how the collab-
oration between health care professionals and developers
could enhance the performance of the devices in clinical set-
tings. As long as developers ignore the specific necessities and
idiosyncrasies of clinical practice, wearable devices will not be
able to reach their true potential.

It is likely that precision of sleep trackers increases with the
number of measurements. The need to perform the PSG in a
hospital environment makes it difficult to assess sleep several

Figure 3—Bland-Altman plot for sleep onset latency.

PSG = polysomnography, SOL = sleep onset latency.
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nights in a row. This, in contrast, is easy to perform with
wearable devices. Future studies should test if the precision of
these devices increases with time of use. If this is the case,
wearable devices may reach an acceptable accuracy when used
for the continuous monitoring sleep. Incidentally, this is one of
its more promising applications in clinical practice, since sleep
is being explored as a biomarker for other conditions and
risk situations, such as suicidal behavior. Sleep loss is strongly
associated with suicidal behavior, and sleep disorders are highly
prevalent in mentally ill patients.4–6 Unobtrusive, passive mon-
itoring could be especially useful in psychiatric populations,
where the high rates of nonadherence and lack of cooperation
make interventions in times of crisis a challenging task.32,33

The use of e-health technologies in the prevention of suicidal
behavior is already starting to be implemented in clinical
settings,34 and the role of sleep as a short-term predictor of
suicidal behavior has recently been exploredusing actigraphy as
an assessment method.35,36

Another potential application of this technology is the
screening of sleep disturbances in the general population,which
could be performed fromprimary care centers at a relatively low
cost. Additionally, consumer sleep trackers could be used for
monitoring patients with a formal diagnosis of sleep disorder
to assess treatment response, as well as for increasing aware-
ness of sleep habits in the general population.10 However, there
is still a long way before this technology can be fully applied
in health care settings. The AASM recognizes the potential
of commercially-available sleep monitors, and admits its

usefulness to increase patient adherence to treatment, but there
are several needs for the full implementation of consumer sleep
technology in clinical practice and biomedical research, in-
cluding widescale validation, grant of access to raw data, and
FDA approval.10

Coordination between health care providers and technology
developers is crucial in this respect. Many nonclinical factors
influence the precision of sleep detection. The software used to
process the data is as important as the accuracy of the sensors.
Additionally, interpretation of raw data can change widely
depending on the algorithms used. Fitbit wearable devices and
other commercial sleep trackers use proprietary algorithms
which are not made public by the developer, nor is it possible to
access raw data collected by the device. It is noteworthy that
one of the biggest issues occurred when trying to translate the
concepts of light and deep sleep to the three stages of sleep
measured by PSG. Amodel of wearable device more consistent
with standard assessment methods, and therefore more suit-
able to provide directly comparable results, would greatly
improve the application of this technology in research and
clinical settings. Overall quality of Fitbit sleep trackers
has increased over time and they expected to be more reliable
as technology progresses.

E-health is opening new prospects in the diagnosis and
management of several conditions. Commercially available
activity monitors can be used to assess different physiolog-
ical functions and monitoring is one of the most clinically
relevant purposes.

Figure 4—Modified Bland-Altman plot for sleep onset latency (with bias correction).

PSG = polysomnography, SOL = sleep onset latency.
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To our knowledge, this is the first study to validate Fitbit
wearable devices for sleep assessment in participants with sleep
apnea, and the largest study to validate wearable devices in this
population. It is also the first time Fitbit Alta HR is validated in a
clinical sample.

Our findings should be considered in light of the study
limitations. Definitions of light sleep and deep sleep are not
standardized, and they may not be adequate correlates
of medical terms. Similarly, the sleep stage restless has
no equivalency in medical terminology, and the defini-
tion provided by the developer is ambiguous. The het-
erogeneity of the sample is another element to take into
account. As frequently happens with clinical samples, our
population was composed by dissimilar patients. Specifi-
cally, 7 of the patients had symptoms of OSA but the con-
dition was finally ruled out during the diagnosis process,
while 13 were under treatment with a CPAP machine, which
can alter the PSG results. However, separate analyses for
each subpopulation revealed no statistical differences re-
garding sensitivity and specificity between the groups. Fi-
nally, the relatively small size of our sample limits the
extraction of conclusions.

ABBREVIATIONS

AASM, American Academy of Sleep Medicine
AHI, apnea-hypopnea index
AUC, area under the curve
BMI, body mass index
CPAP, continuous positive airway pressure
EES, Epworth Sleepiness Scale
OSA, obstructive sleep apnea
PSG, polysomnography
SD, standard deviation
SOL, sleep onset latency
TST, total sleep time
WASO, wake after sleep onset
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