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Study Objectives: Growing interest in monitoring sleep and well-being has created a market for consumer home sleep monitoring devices. Additionally, 
sleep disorder diagnostics, and sleep and dream research would benefit from reliable and valid home sleep monitoring devices. Yet, majority of currently 
available home sleep monitoring devices lack validation. In this study, the sleep parameter assessment accuracy of Beddit Sleep Tracker (BST), an 
unobtrusive and non-wearable sleep monitoring device based on ballistocardiography, was evaluated by comparing it with polysomnography (PSG) 
measures. We measured total sleep time (TST), sleep onset latency (SOL), wake after sleep onset (WASO), and sleep efficiency (SE). Additionally, we 
examined whether BST can differentiate sleep stages.
Methods: We performed sleep studies simultaneously with PSG and BST in ten healthy young adults (5 female/5 male) during two non-consecutive nights in 
a sleep laboratory.
Results: BST was able to distinguish SOL with some accuracy. However, it underestimated WASO and thus overestimated TST and SE. Also, it failed to 
discriminate between non-rapid eye movement sleep stages and did not detect the rapid eye movement sleep stage.
Conclusions: These findings indicate that BST is not a valid device to monitor sleep. Consumers should be careful in interpreting the conclusions on sleep 
quality and efficiency provided by the device.
Keywords: Beddit Sleep Tracker, validation, polysomnography, sleep parameter accuracy, sleep research methods 
Citation: Tuominen J, Peltola K, Saaresranta T, Valli K. Sleep parameter assessment accuracy of a consumer home sleep monitoring ballistocardiograph 
beddit sleep tracker: a validation study. J Clin Sleep Med. 2019;15(3):483–487.

INTRODUCTION

Recent rise of interest in consumer health monitoring has 
spurred the development of mobile devices designed to mea-
sure objective sleep parameters.1–5 Additionally, there is an 
urgent need in both clinical and research settings for a cost-
effective, portable and reliable measuring device for studying 
sleep6 in home settings. The current gold standard, polysom-
nography (PSG), is labor-intensive and costly in terms of 
time and resources, and as such often unfeasible for clinical 
or research settings. Thus far, however, only a few affordable 
home sleep monitoring devices have been validated against 
PSG.1,5,7–9 Most of the sleep measures rely on either electro-
encephalography (EEG) or movement (cardiac, respiratory or 
body movements) data. Of the former, the most promising EEG 
methods (Zeo headband with 74 % PSG agreement3 and the 
Nightcap with 93 % PSG agreement10) have unfortunately been 
discontinued and are no longer commercially available. The 
latter, movement measurement devices, include increasingly 
popular actigraphs, which are light wearable devices, usually 
connected to wrist, ankle or hip that provide information via 
an accelometer.2,4,11,12 Actigraphy studies have provided mixed 
results, yet are currently used, for example, as an adjunct mea-
sure in sleep apnea monitoring.12 Actigraphs have problems 
in detecting wakefulness, and as a result, overestimate both 
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total sleep time and sleep efficiency.2,4,13 Recently, multidata 
approaches have gained ground and actigraphy devices have 
been used aside other data sources, such as the peripheral arte-
rial blood flow tone.7 One such novel device is the ŌURA ring, 
which in addition to actigraph data, collects heartbeat varia-
tion, heart rate and other variables from the finger to evalu-
ate sleep parameters. The preliminary research findings have 
shown promise for this multidata approach,14 but further stud-
ies are still required.

One of the recent commercially available home sleep moni-
toring devices is the Beddit Sleep Tracker (BST), a thin strip 
sensor placed under the mattress or mattress topper. BST re-
lies on a 3-channel movement detection method, originally de-
signed for the Static Charge Sensitive Bed.15,16 BST transmits 
body, respiratory and heart (ballistocardiograph) movement 
data via a Bluetooth connection to a commercially designed 
app to calculate sleep parameters. An automated algorithm then 
transforms these aggregated sleep measures into an easy-to-
read graph, compares it to previous nights, and provides infor-
mation about sleep parameters in a cloud service. BST seems 
to be a promising tool, as it is based on a previously validated 
principle, and its demonstrated ability to measure heart rate11 
and respiration17 has been found accurate, and it has undergone 
a single subject validation study.18 It should be noted, however, 
that these validation studies have been performed as a part of D
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product development or by persons with corporate interests, 
and therefore an independent validation study is warranted.

In this study, we investigated the accuracy of the BST to 
measure objective parameters of sleep and to differentiate 
sleep stages. BST recordings were compared to PSG, and the 
parameters total sleep time (TST), sleep onset latency (SOL), 
wake after sleep onset (WASO) and sleep efficiency (SE) were 
investigated. Additionally, we analyzed whether BST could be 
used to detect sleep stages. If found to be sensitive and spe-
cific enough, BST would answer the need for a low cost and 
easy-to-use sleep monitoring method for consumer, clinical 
and scientific use.

METHODS

Ten right-handed non-smoking participants (5 female/5 male) 
aged 18–30 years (mean 24.5, SD 2.51, range 18–26), with a 
BMI < 30 kg/m2 and no history of neurological or psychiat-
ric diagnoses were selected based on an online screening with 
the Pittsburgh Sleep Quality Index (PSQI), excluding spousal 
questions.19 A PSQI score 5 or less was considered a cutoff 
point. One participant reported a score of 6 due to daytime 
sleepiness and was individually interviewed before deemed 
applicable for the study.

Participants slept two non-consecutive nights at the Sleep 
Research Centre at the University of Turku, Finland, within the 
span of 1 week. Use of alcohol and medication was prohibited 
for 24 hours, and caffeine for 6 hours preceding the experiment. 
Simultaneous recordings of Embla (Medcare Flaga hf. Medi-
cal Devices, Reykjavik, Iceland) PSG (6 electrodes: C3–A2, 
C4–A1, O1–A2, O2–A1, F3–A2, F4–A1, Cz as Ref; EKG1&2; 
EOG1&2; EMG1&2; oximetry; thorax & abdomen belts), BST, 
and Interaxon Muse headband (data not available for the cur-
rent study) were collected. BST sensor was placed under the 
mattress topper and connected via Bluetooth to a Nexus An-
droid tablet device running a BST application 1.7.3 for the first 
ten observations, and 1.8.0. for the later ten observations, due 
to an automatic product update. The start of the recording was 
manually synchronized across devices. Additionally, before 
and after both nights, participants answered a subjective well-
being questionnaire (results reported elsewhere).

PSG data for sleep parameters was analyzed with the Rem-
Logic (Medcare Flaga hf. Medical Devices, Reykjavik, Ice-
land) program by an experienced sleep technician. Sleep data 
was analyzed in 30 second epochs following the American 
Academy of Sleep Medicine classification protocol.20 BST 
score of “total amount of sleep” was compared to PSG TST, 
“time to fall asleep” to PSG SOL, and BST WASO and SE to 
their corresponding PSG categories. For the sleep stage clas-
sification BST data was categorized manually from the data 
graphs obtained from the BST cloud service. BST presents data 
in 2-minute segments, which were transformed to 30-second 
epochs, and then compared to corresponding PSG epochs. As 
the version of BST app used presents a graph on an axis of 
deep sleep–light sleep, the BST hypnogram was re-scored to 
four stages corresponding to PSG classification without REM 
sleep stage (wake = wake; light sleep = stage N1 and N2 sleep 

with cutoff calculated from midpoint of the light sleep category 
in the BST hypnogram; deep sleep = stage N3 sleep). If the 
BST sleep stage score changed within the 2 minutes, 1 min-
ute was scored as previous and 1 minute the next sleep stage. 
Automated BST scoring of REM sleep, available in the earlier 
version of the app, was no longer available in the version used 
in this study. Data from 1 night was omitted from the compari-
sons, due to BST losing wireless connection for an unknown 
reason. BST also did not provide total data for 2 nights: 1 night 
was missing SOL, and 1 night was missing SOL, WASO and 
SE. These, and their corresponding PSG data, were omitted 
from the comparisons.

Statistical analyses were performed using the IBM SPSS 
Statistics version 22, with the pre-set significance level 
of P < .05. Normality assumptions were tested using Kol-
mogorov-Smirnov test, and paired samples t tests were used for 
normally, and Mann-Whitney U test for non-normally, distrib-
uted variables. Sleep stage scoring was evaluated using Cohen 
kappa coefficient.

The study was approved by the Ethics Committee of the Uni-
versity of Turku, and a written informed consent was obtained 
prior to the study according to the declaration of Helsinki.

RESULTS

Paired-samples t test revealed a statistically significant differ-
ence between BST and PSG in mean TST (t = 44.17, P < .01) 
(Table 1A). BST seems to incorrectly score some wake ep-
ochs as sleep and thus overestimate TST. SOL did not differ 
between PSG and BST (Z = −1.14, P = .20), but differences 
between PSG and BST were revealed in WASO (Z = −3.72, 
P < .01), and SE (Z = −3.34, P < .01). BST underestimated the 
amount of wake after sleep onset and thus overestimated sleep 
efficiency, but this does not explain the difference (Table 1A). 
Figure 1 provides a graphical presentation of the results 
(for additional Bland Altman analyses, see Figure S1 in the 
supplemental material).

For the cross tabulation of PSG and BST sleep stage com-
parison, see Table 1B. BST classified 6.1% of PSG scored 
REM sleep as wake, 30.4% as stage N1 sleep, 24.8% as stage 
N2 sleep, and 38.7% as stage N3 sleep (total 3,406 REM ep-
ochs). As PSG REM sleep did not correlate with any particu-
lar BST stage, further analyses were conducted without REM 
sleep data points based on the PSG data (total 14,900 epochs).

Agreement between devices for the remaining classifica-
tions (wake, stage N1, N2, and N3 sleep) was extremely poor 
(kappa = .095, P < .001). Mean inter-device Cohen kappa was 
.098 (standard error .015, range −.009 to .192, 95% CI .068, 
.129) (Table 1B). Due to this lack of consensus, further analy-
ses were conducted with the original, coarser BST classifica-
tion which includes stages wake, light sleep (PSG stages N1 
and N2 sleep) and deep sleep (PSG stage N3 sleep) (Table 1C) 
with PSG data scored accordingly. Agreement between PSG 
and BST sleep stage scoring improved slightly, but was still 
very low (kappa = .101, P < .001). Further inter-device analy-
ses resulted in mean kappa of .113 with mean standard error of 
.020 (range .008 to .237, 95% CI .074, .152).D
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DISCUSSION

This study investigated whether BST accurately measures 
sleep parameters (TST, SOL, WASO, SE), and whether it could 
be used to distinguish between sleep stages.

A consensus between BST and PSG was found only in SOL, 
and even there a large variance between the two measures was 
observed (Figure 1). BST underestimated WASO resulting in 
overestimation of TST and SE. However, this finding does not 
exhaustively explain the discrepancy between BST and PSG. 

Table 1—Sleep parameter and sleep stage agreement between PSG and BST. 
A PSG BST P

n Mean (SD) Range n Mean (SD) Range
TST (minutes) 19 412.8 (58.1) 333.0–524.4 19 456.3 (52.0) 363.0–531.6 < .001
SOL (minutes) 17 34.1 (18.0) 5.5–70.0 17 30.9 (20.4) 8.0–86.0 NS
WASO (minutes) 18 46.1 (33.0) 13.0–121.5 18 13.5 (17.3) 0.0–56.0 < .001
SE (%) 18 83.6 (7.9) 68.0–91.8 18 90.9 (6.7) 78.2–98.2 < .001

B PSG
Wake (%) N1 (%) N2 (%) N3 (%)

BST

Wake (%) 42.1 9.9 40.2 7.8
N1 = Light (%) 31.4 9.6 45.3 13.7
N2 = Light (%) 15.4 6.7 49.6 28.3
N3 = Deep (%) 5.8 4.8 51.9 37.5

C PSG
Wake (%) Light Sleep (N1 & N2) (%) Deep Sleep (N3) (%)

BST
Wake (%) 42.1 50.2 7.8

Light Sleep (%) 22.8 55.6 21.5
Deep Sleep (%) 5.8 56.7 37.5

n varies due to loss of BST data. (A) Sleep parameter agreement: TST, SOL, WASO and SE. (B) Sleep stage agreement: wake, stage N1, N2 and N3 
sleep. (C) Sleep stage agreement: wake, light and deep sleep. BST = Beddit Sleep Tracker, PSG = polysomnography, SD = standard deviation, SE = sleep 
efficiency, SOL = sleep onset latency, TST = total sleep time, WASO = wake after sleep onset.

Figure 1—Comparisons of BST and PSG sleep parameter estimations. 

The diagonal line represents optimal accuracy. BST = Beddit Sleep Tracker, PSG = polysomnography.
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This, in turn, indicates that BST is not a reliable method for 
achieving comprehensive information about sleep in consumer 
use, and it misses important information about nocturnal 
awakenings informative both in clinical assessment and re-
search. This finding should be kept in mind while evaluating 
previous research comparing, for example, FitBit commercial 
wristband accuracy to that of BST21 without a PSG validation. 
There are several factors that make comparison between com-
mercial devices difficult; frequent updates, variability in the 
definition of sleep parameters and especially lack of access to 
the underlying algorithms that quantify sleep parameters.14,21

Consensus between BST and PSG sleep stage classification 
was very poor when using a four-stage classification (wake, 
stage N1, N2 and N3 sleep), and only slightly better with a 
coarser classification (wake, light sleep, and deep sleep). Impor-
tantly, the currently available BST app lacks REM sleep classi-
fication, and PSG REM sleep did not predictably correlate with 
any BST stage. The problems of classifying stages of sleep un-
der the rather arbitrary labels of “light” and “deep,” or “light” 
and “sound” have been noted in previous studies of home sleep 
monitoring devices, and found to vary and not correspond with 
any specific sleep stage.14,22,23 While interpreting our results, 
however, one should keep in mind that the necessary transfor-
mations of the sleep stage scoring may have provided a source 
of error, even after REM sleep was removed from the analysis 
and a more liberal classification was attempted.

To conclude, for sleep and dream research, or purposes of 
sleep disorder diagnostics,20 BST is currently inapplicable in 
differentiating between sleep stages, calculating TST, WASO 
and SE. It can, however, estimate SOL to a reasonable degree. 
Despite good face validity and positive preliminary results,18 
BST at its current state provides consumers with inadequate 
and misleading information about their sleep parameters. 
Therefore, users should not make decisions regarding sleep 
quality and wellbeing based on BST data. It should be noted 
that this finding does not generalize to other home sleep mea-
surements nor the future developments of the itself promising 
three channel method, but should be read as a call for further 
improvement and more large-scale validation studies. While 
the current surge of sleep monitoring devices is a welcome 
trend, further development work is still needed.

ABBRE VI ATIONS

BST, Beddit Sleep Tracker
PSG, polysomnography
PSQI, Pittsburgh Sleep Quality Index
SE, sleep efficiency
SOL, sleep onset latency
TST, total sleep time
WASO, wake after sleep onset
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EDITOR’S NOTE
The Emerging Technologies section focuses on new tools and techniques of 
potential utility in the diagnosis and management of any and all sleep disorders. 
The technologies may not yet be marketed, and indeed may only exist in prototype 
form. Some preliminary evidence of efficacy must be available, which can consist 
of small pilot studies or even data from animal studies, but definitive evidence of 
efficacy will not be required, and the submissions will be reviewed according to 
this standard. The intent is to alert readers of Journal of Clinical Sleep Medicine of 
promising technology that is in early stages of development. With this information, 
the reader may wish to (1) contact the author(s) in order to offer assistance in more 
definitive studies of the technology; (2) use the ideas underlying the technology to 
develop novel approaches of their own (with due respect for any patent issues); and 
(3) focus on subsequent publications involving the technology in order to determine 
when and if it is suitable for application to their own clinical practice. The Journal of 
Clinical Sleep Medicine and the American Academy of Sleep Medicine expressly 
do not endorse or represent that any of the technology described in the Emerging 
Technologies section has proven efficacy or effectiveness in the treatment of human 
disease, nor that any required regulatory approval has been obtained.
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