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Abstract
Purpose  Although polysomnography (PSG) is the gold standard for monitoring sleep, it has many limitations. We aimed 
to prospectively determine the validity of wearable sleep-tracking devices and smartphone applications by comparing the 
data to that of PSGs.
Methods  Patients who underwent one night of attended PSG at a single institution from January, 2015 to July 2019 were 
recruited. Either a sleep application or wearable device was used simultaneously while undergoing PSG. Nine smartphone 
applications and three wearable devices were assessed.
Results  We analyzed the results of 495 cases of smartphone applications and 170 cases of wearables by comparing each 
against PSG. None of the tested applications were able to show a statistically significant correlation between sleep efficiency, 
durations of wake time, light sleep or deep sleep with PSG. Snore time correlated well in both of the two applications which 
provided such information. Deep sleep duration and WASO measured by two of the three wearable devices correlated sig-
nificantly with PSG. Even after controlling for transition count and moving count, the correlation indices of the wearables 
did not increase, suggesting that the algorithms used by the wearables were not largely affected by tossing and turning.
Conclusions  Most of the applications tested in this study showed poor validity, while wearable devices mildly correlated 
with PSG. An effective use for these devices may be as a tool to identify the change seen in an individual’s sleep patterns 
on a day-to-day basis, instead of as a method of detecting absolute measurements.
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Introduction

Good quality sleep is essential for optimal health [1, 2]. 
However, a considerable portion of the population is not 
able to enjoy the benefits of healthy sleep. According to the 
Centers for Disease Control and Prevention, about 70 mil-
lion Americans suffer from chronic sleep problems. Sleep 
disorders generally appertain to problems with the quality, 
duration, and timing of sleep.

Overnight in-laboratory polysomnography (PSG) is cur-
rently the gold standard for monitoring sleep. However, a 

level I PSG requires various equipment as it consists of at 
least eight channels (electroencephalography, electrooculog-
raphy, electromyography of the chin and bilateral anterior 
tibialis, electrocardiography, abdominal and thoracic res-
piratory effort, airflow, and pulse oximetry) and is labor-
intensive as it has to be attended by a sleep technologist 
[3]. Furthermore, PSG is not a tool that can be used on a 
nightly basis and thus is not a viable method for long-term 
monitoring of sleep. Therefore, due to the inherent limita-
tions of PSG, alternative sleep monitoring tools are attract-
ing interest for clinical and personal use. Wrist-worn sleep 
and activity trackers with wearable sensors (wearables) and 
mobile sleep applications (apps) are most commonly used 
because of their convenience [4]. However, it is not known 
how accurately they measure sleep and sleep disturbance 
events. In 2018, the American Academy of Sleep Medicine 
(AASM) published a position statement cautioning against 
the use of consumer sleep technology as a replacement for 
validated diagnostic tools as there are limited data regarding 
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the scientific accuracy of such devices or apps [5]. To for-
ward the understanding of consumer sleep technology, we 
aimed to determine prospectively the validity of wearable 
sleep-tracking devices and smartphone apps by comparing 
the data to that of PSGs.

Subjects and methods

Patients who underwent one night of attended-PSG at the 
sleep clinic of a single tertiary institution from January 
2015 to July 2019 were recruited for this study. Informed 
consent was obtained from all individual participants 
included in the study. This study was conducted in accord-
ance with the Declaration of Helsinki and was approved 
by the institutional IRB (AJIRB-MED-MDB-17-328, 
AJIRB-DEV-DEO-14-293).

Polysomnography

Polysomnography was performed in the sleep laboratory 
of Ajou University (Embla N7000, ResMed, Amsterdam, 
Netherlands) and was used to record the following items: 
airflow using oronasal thermal airflow sensors, thoracic and 
abdominal movements using plethysmography belts, body 
position sensors, pulse oximetry, one submental and one 
anterior tibialis electromyogram, an electroencephalogram 
using six channels (C3/A2, C4/A1, F3/A2, F4/A1 O1/A2, 
and O2/A1), right and left electrooculograms, and an elec-
trocardiogram. Scoring was conducted manually by a trained 
sleep specialist in accordance with the American Academy 
of Sleep Medicine scoring guidelines [6]. Sleep was scored 
in sleep stages: N1, N2, N3, and rapid eye movement (REM) 
sleep.

Smartphone applications

Nine smartphone applications were chosen based on their 
popularity at Google Store and Apple App Store at the time 
of study initiation (in alphabetical order); Good Sleep!, 
MotionX, Sleep Analyzer, Sleep Cycle, Sleep Time, Smart 
Sleep, SnoreClock, SnoreLab, and WakeApp Pro.

Three smartphones were used during the study—Sam-
sung Galaxy K (SHW-M130K, version 2.3.3), iPhone 4, and 
later, iPhone 6 (ios 10.2.1). The smartphones were placed on 
the bed or on the pillow as recommended by the application 
developer. To accurately determine the start and end time, 
we synchronizing the app start time with the Embla® Rem-
Logic™ Software “Lights Off” time and the app end time 
with the “Lights On” time. The subject was told not to touch 
the smartphone and sleep as normally as possible.

Wearables

Mi Band 2 (Xiaomi Inc., China; Mi Fit 4.0.15), Gearfit 2 
(Samsung Inc., Korea; Samsung Health 6.8.5.009), and 
Fitbit Alta HR (Fitbit Inc., USA; Fitbit 6.4.2) were used 
as wearable wrist-worn sleep and activity trackers. The 
actigraph was strapped on the non-dominant wrist. At the 
end of the sleep period, data were downloaded from the 
wrist device to the application on the smartphone.

Total sleep time (TST: number of minutes scored as 
sleep between start and end of sleep period time) was 
recorded from all three wearables, while deep sleep, 
light sleep, REM sleep, and wake time after sleep onset 
(WASO: number of minutes scored as wake between start 
and end of SPT) were analyzed when applicable. Light 
sleep was defined as the sum of stage N1 and N2 sleep, 
while deep sleep was identified as stage N3.

Statistical analyses

Statistical analyses were performed using Student’s t test, 
Spearman’s rank correlation coefficient (Rs) test and intra-
class correlation (ICC) test. Bland-Altman plots were used 
to assess the limit of agreement. All statistical analyses 
were performed with R software (version 3.5.1). P < 0.05 
was considered to be statistically significant.

Results

Demographic data

We analyzed the results of 495 cases of smartphone appli-
cations and 170 cases of wearables by comparing each 
against a full night PSG. The demographic data and PSG 
data are shown in Table 1, and all parameters were not 
statistically different between the two groups.

Smartphone applications

Table 2 shows the correlation indices between the con-
sumer-grade sleep apps and PSG, and Figure 1 assesses 
the limit of agreement. Sleep efficiency, wake time, dura-
tion of light sleep, duration of deep sleep, sleep onset, 
percentage of wake time, percentage of light sleep time, 
percentage of deep sleep time, and snore time detected by 
the apps were compared to that determined by PSG. “Light 
sleep” detected by the apps was compared to the sum of 
stages N1 and N2 measured by PSG. None of the apps 
claimed they could detect REM sleep; MotionX, Sleep 
Time, and Wakeapp Pro stated that their “deep sleep” was 
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the sum of stage N3 and REM sleep, while the other apps 
could not be verified.

None of the tested apps were able to show a statistically 
significant correlation between sleep efficiency, duration 
of wake time, light sleep duration, and deep sleep duration 
with PSG. Sleep time paradoxically correlated inversely with 
PSG when comparing percent of light sleep and percent of 
deep sleep, but the absolute light sleep time and deep sleep 
time showed no statistical significance. Although sleep ana-
lyzer’s wake time percentage significantly correlated with 
PSG, the Spearman’s rho was only 0.27 (p = 0.03), and as 
wake time duration and sleep efficiency did not correlate 
with PSG, it would be difficult to argue that sleep snalyzer’s 
wake time percentage has clinical significance. Further-
more, the limits of agreement seen on the Bland-Altman 

plot (Fig. 1a) were wide, with the difference between 54.1 
and −56.3%. Sleep onset was only assessed by WakeApp 
Pro, and it significantly but weakly corresponded with PSG 
(Rs = 0.30, p = 0.021), but the Bland-Altman plot (Fig. 1B) 
suggested that the app underestimated sleep onset with the 
bias being 10.85 min. Snore time correlated well in both of 
the two apps which provided such information (SnoreClock 
and SnoreLab,), but both Bland-Altman plots (Fig. 1c, d) 
had wide limits of agreement and the mean bias was 71.3 
min and 106.1 min, respectively.

Wearables

Table  3 depicts the correlation and agreement indices 
between the wearables and full-night PSG, while Figure 2 
and 3 assess the limit of agreement. The TST, light sleep 
duration, deep sleep duration, REM sleep duration, WASO, 
and sleep efficiency outcomes were compared. As with the 
apps data, ‘light sleep’ detected by the wearables was com-
pared to the sum of stages N1 and N2 measured by PSG. 
According to the manufacturer, Fitbit Alta HR is capable 
of detecting REM sleep, so “deep sleep” measured by Fit-
bit was compared to only N3 stage measured by PSG. On 
the other hand, Mi Band 2 did not provide any information 
regarding REM sleep.

TST results (Spearman’s rho) significantly correlated 
with PSG in all three wearables, although only the ICC of 
Mi Band 2 was statistically significant (ICC = 0.297, p = 
0.013). On the other hand, the Bland-Altman plot of Fitbit 
Alta HR (Fig. 2C) had the narrowest limits of agreement 
of the three plots. WASO measured by Mi Band 2 corre-
lated significantly with PSG, but ICC was not significant 
and the Bland-Altman plot did not show good agreement 
levels (Fig. 3a). Sleep efficiency checked by Gear Fit2 did 
not correlate with PSG.

Table 1   Characteristics of subjects and polysomnography (PSG) 
results

BMI body mass index, AHI apnea-hypopnea index, RDI respiratory 
disturbance index, ODI oxygen desaturation index, TRT​ total record-
ing time, TST total sleep time

PSG data of app group PSG data 
of wearable 
group

Number of cases 495 170
Sex ratio (M:F) 446:49 149:21
Age (years) 41.9 ± 12.9 41.6 ± 13.4
BMI (kg/m2) 26.5 ± 4.4 26.7 ± 3.8
AHI (/h) 28.1 ± 26.2 30.2 ± 24.5
RDI (/h) 37.7 ± 30.1 36.8 ± 22.8
ODI (/h) 27.1 ± 25.5 28.4 ± 23.7
TRT (min) 458.8 ± 21.9 459.9 ± 23.6
TST (min) 381.2 ± 56.6 388.3 ± 52.6
Sleep efficiency (%) 83.2 ± 12.1 84.5 ± 10.6

Table 2   Correlation indices (Spearman Rs) between polysomnography and apps’ sleep variables

*  p < 0.05
**  p ≤ 0.01
***  p ≤ 0.001

Application n Polysomnography

Sleep efficiency Wake Light sleep Deep sleep Sleep onset Wake time % Light sleep % Deep sleep % Snore time

Good Sleep! 45 0.058 0.034
MotionX 64 −0.004 −0.04 0.186 −0.01
Sleep Analyzer 64 0.222 0.153 0.129 0.121 0.268* 0.021 0.055
Sleep Cycle 52 −0.262
Sleep Time 65 0.006 −0.11 0.07 0.000 −0.131 -0.371* −0.302*

Smart Sleep 48 −0.12 −0.195
SnoreClock 47 0.483***

SnoreLab 54 0.475**
WakeApp Pro 56 0.02 0.018 0.058 -0.06 0.307*
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Interestingly, the deep sleep duration, REM sleep 
duration, and WASO measured by the Fitbit Alta HR 
significantly correlated with PSG results, although Fitbit 
Alta HR underestimated the duration of light sleep when 
compared to PSG (253 min vs 287 min). However, intra-
class correlations revealed only mild validity for the three 
parameters (deep sleep duration, Rs = 0.372, ICC = 0.301; 
REM duration, Rs = 0.310, ICC = 0.323; and WASO, Rs = 
0.425, ICC = 0.213). The limits of agreement on the three 
Bland-Altman plots (Figs. 3b-d) for Fitbit Alta HR regard-
ing deep sleep duration, REM sleep duration, and WASO 

were wide and did not show good agreement between the 
wearable and PSG.

Controlling for transition count, transition index, 
and moving count

As consumer-grade apps and wearables generally use an 
accelerometer to measure sleep parameters, we hypoth-
esized that the transition count/index and moving count 
may possibly be confounding factors when determining the 
correlation between apps/wearables and PSG. Transition 

Fig. 1   Bland-Altman plots comparing sleep variables between appli-
cations and polysomnography (PSG). (A) variable: wake time per-
cent; app: Sleep Analyzer, (B) variable: sleep onset; app: Wakeapp 

Pro, (C) variable: snore time; app: Snore Clock, (D) variable: snore 
time, app: Snore Lab
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count was defined as the total number of times the patient 
changed sleeping positions, while transition index was cal-
culated as transition count per hour. Movement was identi-
fied as the maximum change of gravity per second detected 
by the gravity body position sensors of the PSG and mov-
ing count was defined as the total number of movements.

Table 4 depicts the correlation indices for the apps/weara-
bles after controlling individually for transition count, transi-
tion index or moving count, calculated by using partial correla-
tion analyses. After controlling for each of the parameters, the 
correlation indices of Fitbit Alta HR unexpectedly decreased, 
while on the other hand, there was not a large gap between the 
correlation indices of Mi Band 2. The statistical insignificance 
of sleep efficiency measured by Gear Fit2 was not altered after 
controlling for the three movement parameters.

Light sleep duration detected by the MotionX app did not 
originally significantly correlate with PSG (Rs = 0.186, p = 
0.14) but became significant after controlling for transition 
index (Rs = 0.262, p = 0.04) or moving count (Rs = 0.312, 
p = 0.01). This might indicate that the algorithm used in the 
MotionX app attached more importance to movement when 
compared to other apps.

Wake time percent measured by sleep analyzer and sleep 
onset measured by WakeApp Pro remained significant even 
after controlling for the three parameters.

Discussion

The present study assessed the reliability of smartphone 
applications and wearables for estimating various sleep-
related outcomes against PSG, the gold-standard method. 

Regrettably, we were unable to show evidence that com-
mercially available apps or wearables provide comparable 
data regarding sleep parameters when matched with PSG. 
We determined that while the TST measured by all three 
wearables tested correlated well with PSG, none of the nine 
tested smartphone applications were able to appraise TST. 
This is in line with a previous study where Fino et al. tested 
four smartphone apps and reported that there was a high cor-
respondence between all the apps and “time in bed (TIB)” 
measured by PSG, but only one app reliably detected TST 
[7]. Multiple studies have shown that measurement of sleep 
parameters using algorithms based on movement detected 
by the smartphone’s accelerometer cannot accurately assess 
sleep stages[8–10]. However, one of the limitations of previ-
ous studies were that the study populations were very small, 
with about 10–20 cases tested per app. One strength of this 
study is that we tested nine apps, with an average of about 55 
cases per app. To our knowledge, this is the most number of 
cases tested in the literature up to date. Even with the larger 
study population, the results were similar to the previous 
studies.

In our study performed on patients with suspicion of 
sleep disorders, compared to PSG, the sleep time app was 
not able to effectively measure sleep efficiency, wake time, 
light sleep duration, or deep sleep duration. Bhat et al. 
compared the sleep time app to PSG in twenty healthy 
volunteers and also found that there was no correlation 
between PSG and app sleep efficiency, light sleep dura-
tion percentage, and deep sleep duration percentage [11]. 
According to their report, the sleep time app had high 
sensitivity (detecting sleep) but low specificity (detecting 
wake).

Table 3   Correlation and agreement indices between polysomnography (PSG) and wearable sleep trackers’ variables.

Light sleep: sum of N1 and N2 sleep
Deep sleep: N3 sleep
TST: Total sleep time
REM: Rapid eye movement
WASO: Wake time after sleep onset
SE: Sleep efficiency
r: Spearman’s rho
ICC: Intraclass correlation coefficient
*  p < 0.05, ** p ≤ 0.01, *** p ≤ 0.001

Wearable n PSG

TST Light sleep Deep sleep REM sleep WASO SE

Mi Band2 55 r = 0.367 **

ICC = 0.297*
r = 0.032
ICC = 0.024

r = 0.116
ICC = 0.095

r = 0.383**

ICC = 0.148
Gear Fit2 54 r = 0.307 *

ICC = 0.209
r = 0.18
ICC = 0.048

Fitbit Alta HR 61 r = 0.466 ***

ICC = 0.205
r = 0.179
ICC = -0.19

r = 0.372**

ICC= 0.301**
r = 0.310*

ICC= 0.323**
r = 0.425***

ICC = 0.213*
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In contrast to sleep stage measurements, the detection 
of snoring time and sleep apnea based on sounds recorded 
by the smartphone’s built-in microphone significantly cor-
related to that of PSG. The two apps that could measure 
snoring time (SnoreClock and SnoreLab) showed that snor-
ing time correlated well with that of PSG even though the 
Bland-Altman plots suggested that both apps generally 
underestimated the snoring time. These apps may still be 
able to help monitor snoring patients, especially those who 
undergo surgery or conservative treatment such as weight 
loss or lifestyle changes [12].

In regard to wearables, all three devices (Mi Band 2, Gear 
Fit 2, and Fitbit Alta HR) were able to reliably measure TST 
when compared to PSG. The Fitbit data is in agreement with 

previous studies where it was reported that assessment of 
sleep outcomes by Fitbit was valid in insomniacs and good 
sleepers [13, 14]. A recent study in healthy adults also sug-
gested that the Fitbit Charge 2 model showed high sensitivity 
in detecting sleep and precisely identified 82% of non-REM 
and REM sleep cycles [15]. Our study demonstrated that 
the Fitbit data also mostly correlated with PSG in patients 
suspicious of OSA. Another study showed that two different 
sleep trackers revealed poor validity when compared to PSG 
[16]. Fitbit was reliably able to determine deep sleep, REM 
stage sleep, and WASO when compared to PSG. The Fitbit 
model used in this study, Fitbit Alta HR, is equipped with 
a heart rate sensor, which supposedly enables it to estimate 

Fig. 2   Bland-Altman plots comparing total sleep time (min) measured by polysomnography (PSG) and wearables (A) Mi Band2, (B) Gear Fit2, 
and (C) Fitbit Alta HR
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light, deep, and REM sleep stages by matching the heart rate 
data with the body movement data from the accelerometer.

Mi Band differentiates light sleep from deep sleep by 
combining body movement data detected by a triaxial 
accelerometer and heart rate data monitored by a photop-
lethysmography sensor [17]. In our study, Mi Band 2 was 
also capable of detecting TST and WASO, when com-
pared with PSG, albeit weakly and with low agreement. In 
a recent validation study conducted to determine whether 
low-cost trackers were able to measure TST in adults in a 
free-living environment, Mi Band 2 was also shown to have 
weak correlation and low agreement with the free-living 
golden standard used in the study [18]. Although Mi Band 
2’s manual did not provide any information regarding REM 

sleep, correlation between the “deep sleep” measured by Mi 
Band 2 was higher when compared with N3+REM (data not 
shown), instead of just N3 only, suggesting that Mi Band 2 is 
not able to distinguish REM sleep from N3 sleep.

Even though some of the tested apps and wearables were 
able to show a statistically significant correlation with PSG 
regarding several sleep parameters, the indices were low 
and strong correlation was not observed. As consumer-
grade apps and wearables generally use an accelerometer 
to measure sleep parameters, we hypothesized that a high 
transition count/index and/or moving count may possibly 
be detrimental for the devices to accurately measure sleep, 
especially in patients who toss and turn frequently while 
sleeping. When controlling for either transition index or 

Fig. 3   Bland-Altman plots comparing sleep variables between weara-
bles and polysomnography (PSG). (A) variable: WASO (wake time 
after sleep onset); Mi Band2, (B) variable: deep sleep duration; Fitbit 

Alta HR, (C) variable: REM sleep duration; Fitbit Alta HR, (D) vari-
able: WASO, Fitbit Alta HR.
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moving count, correlation of the light sleep detected by the 
MotionX app with PSG data became statistically significant, 
indicating that the more the patient changed positions or 
moved considerably, the MotionX app was not able to accu-
rately count light sleep.

However, surprisingly, the correlation of WASO meas-
ured by Fitbit Alta HR with PSG became insignificant 
when controlled for transition count and index. The cor-
relation of Fitbit’s WASO with PSG remained significant, 
but the correlation index was decreased when controlled 
for moving count. The correlation of deep sleep (N3) did 
not significantly differ when controlling for transition or 
movement, probably due to the fact that there is ordinar-
ily little movement during deep sleep. The correlation of 
WASO and deep sleep detected by Mi Band 2 was similar 
before and after controlling for transition count/index and 

moving count. Variable wearables typically use sensors 
with similar capacities, so the differences seen here may be 
attributed to the different algorithms used to detect sleep 
for each wearable program. Even though the Fitbit Alta 
HR and Mi Band 2 both have actimetric sensors and can 
monitor heart rate, our results seem to suggest that Fitbit 
uses an algorithm based more on body movement, while 
Mi Band’s algorithm may be more focused on heart rate. 
Furthermore, we were able to determine that the algo-
rithms used by the wearables was not largely affected by 
tossing and turning, and were more accurate than previ-
ously perceived.

Although we did not directly compare the sleep param-
eters measured by the smartphone apps to that of the weara-
bles, in general, even though the PSG data of the two groups 
were comparable, the wearables seem to be more reliable 

Table 4   Correlation indices (Spearman’s rho) of app/wearable variables compared to polysomnography when controlling for transition count, 
transition index, and moving count

REM rapid eye movement, WASO wake time after sleep onset
*  p < 0.05, ** p ≤ 0.01, *** p ≤ 0.001

Variable Controlled parameter Fitbit Gear Fit Mi Band MotionX Sleep Analyzer Wakeapp Pro

WASO None 0.425*** 0.383**

Transition count 0.185 0.364**

Transition index 0.083 0.336*

Moving count 0.342** 0.372**

REM sleep None 0.310*

Transition count 0.256*

Transition index 0.204
Moving count 0.292*

Light sleep
(N1+N2)

None 0.179 0.032 0.186
Transition count 0.140 0.021 0.236
Transition index 0.159 0.010 0.262*

Moving count 0.145 0.029 0.312*

Deep sleep
(N3)

None 0.333** 0.116
Transition count 0.330** 0.160
Transition index 0.347** 0.162
Moving count 0.337** 0.097

Wake time percent None 0.268*

Transition count 0.292*

Transition index 0.265*

Moving count 0.273*

Sleep Efficiency None 0.179
Transition count 0.135
Transition index 0.103
Moving count 0.144

Sleep Onset None 0.307*

Transition count 0.293*

Transition index 0.289*

Moving count 0.304*
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as sleep-trackers when compared to the results of the sleep 
apps. Spearman’s correlation between PSG and two weara-
bles (Fitbit and Mi Band 2) was statistically significant but 
the ICC’s indicated low agreement. Based on these findings, 
although the absolute numbers measured may not be accu-
rate, an effective use for these wearables may be to use them 
as a tool to identify the change seen in an individual’s sleep 
patterns on a day-to-day basis.

Most of the apps tested in this study showed poor validity 
when compared to the wearable devices. One way to increase 
the accuracy of apps may be to use the apps in conjunction 
with other devices, such as wristbands or a micromovement-
sensitive mattress with a sleep monitoring system [19]. One 
disadvantage of wearable devices, compared to apps, is that 
wearables do not contain microphones and thus are not able 
to measure snoring time. Future studies using three-way 
comparisons (app-wearable-PSG) are warranted to further 
our knowledge on various sleep-monitoring products. The 
object of this study was not to make judgements on any one 
specific app or device but to evaluate the clinical usefulness 
of these more easily accessible tools. We acknowledge the 
fact that these sleep monitoring wearables and applications 
were developed as commercial products and not as medi-
cal devices to be used for formal purposes. However, data 
regarding the validity of such products is needed to lower the 
risk of misleading consumers. Clinicians need to be vigilant 
as the adoption of such sleep-monitoring wearables and apps 
by the general public is on the rise.
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