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Abstract

Our research aims to assess the performance of a new generation of consumer activity
trackers (Fitbit Charge 4™!: FBC) to measure sleep variables and sleep stage classifications
in patients with chronic insomnia, compared to polysomnography (PSG) and a widely used
actigraph (Actiwatch Spectrum Pro: AWS). We recruited 37 participants, all diagnosed with
chronic insomnia disorder, for one night of sleep monitoring in a sleep laboratory using
PSG, AWS, and FBC. Epoch-by-epoch analysis along with Bland—Altman plots was used to
evaluate FBC and AWS against PSG for sleep-wake detection and sleep variables: total
sleep time (TST), sleep efficiency (SE), waking after sleep onset (WASO), and sleep onset
latency (SOL). FBC sleep stage classification of light sleep (LS), deep sleep (DS), and rapid
eye movement (REM) was also compared to that of PSG. When compared with PSG, FBC
notably underestimated DS (-41.4, p<0.0001) and SE (-4.9%, p = 0.0016), while remark-
ably overestimating LS (37.7, p=0.0012). However, the TST, WASO, and SOL assessed
by FBC presented no significant difference from that assessed by PSG. Compared with
PSG, AWS and FBC showed great accuracy (86.9% vs. 86.5%) and sensitivity (detecting
sleep; 92.6% vs. 89.9%), but comparatively poor specificity (detecting wake; 35.7% vs.
62.2%). Both devices showed better accuracy in assessing sleep than wakefulness, with
the same sensitivity but statistically different specificity. FBC supplied equivalent parame-
ters estimation as AWS in detecting sleep variables except for SE. This research shows that
FBC cannot replace PSG thoroughly in the quantification of sleep variables and classifica-
tion of sleep stages in Chinese patients with chronic insomnia; however, the user-friendly
and low-cost wearables do show some comparable functions. Whether FBC can serve as a
substitute for actigraphy and PSG in patients with chronic insomnia needs further
investigation.
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Introduction

Adults (over 18 years) should sleep at least 7 hours in the evening to maintain the best health
status [1]. Epidemiological studies’ results demonstrate that lack of sleep is linked to multiple
diseases, risk of accidents, and increased mortality [2-5]. Moreover, sleep disorders have
become one of the most important social issues in the United States [6], with 35% of adults
sleeping less than 7 hours every evening, 30% sleeping less than 6 hours, and more than 40%
experiencing lack of sleep due to certain types of jobs [7]. Chronic insomnia is the most com-
monly reported sleep disorder and more than 15% of Chinese adults have difficulty falling
asleep and maintaining sleep [8]. Despite the association between insufficient sleep and
adverse health outcomes, most medical workers are unable to successfully identify sleep prob-
lems. It is estimated that unrecognized sleep problems are more common and harmful than
recognized sleep problems [9].

Traditional methods for measuring sleep have some disadvantages. Polysomnography
(PSG), for example, is considered the “gold standard” of sleep measurement owing to its objec-
tivity and accuracy in measuring sleep variables [10]. However, being an expensive technique,
PSG can only be carried out in an unfamiliar sleep environment, such as a sleep center, and
requires medical assistance for its application and the interpretation of its results. This also
means that it can typically only be implemented for one or two nights [11]. Furthermore,
although sleep diaries are inexpensive and can be conducted outside the sleep center, they still
have problems such as subjectivity and recall bias [11]. Actigraphy, the measurement of sleep
and wakefulness using accelerometer technology according to activity level, can offer objective
sleep variables for up to 60 days [12, 13] and support the diagnosis and monitoring of sleep
problems [14]. Validation studies in infants, children, and adolescents have shown that while
actigraphy is sensitive in assessing actual sleep, it over- or underestimates waking after sleep
onset (WASO), thus providing a poor estimate of sleep disruption when compared to PSG
[15-17]. Even though actigraphy is less expensive and more reflective of natural sleep patterns
than PSG, it still needs professional researchers to extract and analyze data from a unique soft-
ware [18].

Although wearables have been in the consumer market for just over ten years, they have
become almost ubiquitous in modern society due to scientific and technological advance-
ments. According to data from the International Data Corporation (IDC), 172.2 million units
of wearable devices were shipped globally in 2018, with an increase of 49.2% year-on-year. It is
expected that shipments will increase to 27.9 billion units in 2023 [19]. In view of their wide
range of functions, it is crucial to determine wearables’ most relevant indicators in the science
of sleep and circadian rhythms. The rise of consumer wearables has offered another low-cost,
good-looking, and user-friendly choice to assess sleep-wake patterns, which would be helpful
considering clinical and research needs [19-21]. In addition to being low cost, these devices
generally utilize consumer-oriented cloud computing platforms and/or mobile technologies
that allow consumers to collect and retrieve data continuously for a certain period. Although
there has been little study measuring sleep parameters by wearables in participants with sleep
disorders, the enormous potential of these devices is acquiring more and more recognition
among health and clinical studies. Moreover, these wearable devices have been used as auxil-
iary tools to diagnose and treat sleep disorders [22].

As one of the most promising wearables, the accurateness of Fitbit Charge 4™ has not been
proved among Chinese participants with chronic insomnia. Previous validation studies com-
pared various types of Fitbit devices, including Fitbit Classic [23], Fitbit Flex [24], Fitbit Ultra
[18], Fitbit Charge 2 [21], and Fitbit Charge 3 [25] with PSG. The outcomes of these studies
varied according to the model of commercial activity trackers, the demographic and clinical
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state of the participants, study design, and data algorithm. It is thus necessary to implement
utility research on clinical populations with sleep problems [23]. Although the majority of the
published research was conducted on young volunteers, it appears that none of them focused
on Chinese patients with chronic insomnia.

Therefore, the purpose of our research was to: (a) detect differences in sleep-wake detection
and sleep variables (including total sleep time, TST; sleep efficiency, SE; sleep onset latency,
SOL; and WASO) between the Actiwatch Spectrum Pro (AWS) and the Fitbit Charge 4™
(FBC) against PSG; and (b) examine whether similarities in sleep staging exist between FBC
and PSG.

Materials and methods
Design and sample

Our research (registration ID: ChiCTR2100051429) was certified by the Research Ethics Com-
mittee of the First Affiliated Hospital of Zhengzhou University (approval number: 2021-KY-
0876-001). All participants signed written informed consent forms before the sleep monitoring
process in the sleep laboratory. The Standards for the Reporting of Diagnostic Accuracy
(STARD) guidelines were followed where applicable [26].

Participants were recruited between October 2021 and February 2022 and included in the
sample if they were: (a) between the ages of 18 and 60 years; (b) diagnosed with chronic insom-
nia, according to the DSM-5 criteria, for at least 3 months; (c) assessed as experiencing sleep
disturbance according to the Pittsburgh Sleep Quality Index (PSQI), with a score above 8; and
(d) receiving no treatment for the disorder during the preceding half month. Participants were
excluded if they: (a) had suffered from mental illness; (b) had unhealed sleep disorders except
for chronic insomnia, such as obstructive sleep apnea (OSA) and rapid eye movement sleep
behavior disorder (RBD); (c) had other kinds of diseases (such as Parkinson’s disease or
dementia), which could impact their capacity to understand and deal with information; (d)
worked night shift in the preceding half year; and (e) were gestating or lactating women.

Clinical questionnaires

All the participants took the Chinese version of PSQI, the Insomnia Severity Index (ISI), and a
self-designed questionnaire including general demographic information and sleep habits, such
as age, gender, height, weight, time to sleep and wake up, and history of diseases [27].

PSG, FBC, and AWS

PSG measures. The participants were requested to arrive at the sleep center between
18:00 and 19:00 for their sleep monitoring. Standard overnight PSG recordings were carried
out in the sleep laboratory with the computerized sleep recorder EMBLA S$4500 (Embla Sys-
tem, Kanata, Ontario, Canada). An electroencephalography (EEG; F3/F4, C3/C4, 01/02),
electrooculogram (EOG-L, EOG-R), submental electromyogram (EMG), leg electromyogram
(EMG-L, EMG-R), and left and right electrocardiograms (ECG-L, ECG-R) were obtained and
recorded. Nasal pressure, abdominal breathing movements, and blood oxygen saturation were
recorded to identify respiratory events. Sleep periods were set according to the times the lights
were turned on and off.

Actigraphy. Participants wore an Actiwatch Spectrum Pro (Philips Respironics Inc., Pitts-
burgh, Pennsylvania, United States) on their non-dominant hand for a research-grade actigra-
phy. Data for AWS were collected in 30-second epochs using the medium threshold
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(value = 40), with five-minute immobility time for sleep onset/offset. This setup is proved to
generate the best outcomes when compared with PSG [28].

Fitbit Charge 4. Each participant wore a consumer-grade activity tracker, the Fitbit
Charge 4TM (Fitbit, Inc.; San Francisco, California, United States), on their non-dominant
hand while the PSG was being performed. This device tracks motion, heart rate (HR), and
heart rate variability (HRV) via accelerometers and optical plethysmography in 30-second
epochs. Furthermore, the “normal” setting was chosen as the default setting to meet most con-
sumers’ preferences.

Data collection. The times at which the lights were turned on and off for PSG were con-
sidered the beginning and ending points for AWS and FBC [18]. Sleep stages were automati-
cally scored in 30-second epochs using RemLogic 3.4.1 (Embla Systems, Kanata, Ontario,
Canada) and visually reviewed by a trained technician (intra-rater reliability, 94.8%) following
the criteria set by the AASM Scoring Manual Version 2.2 to ensure accuracy of the staging
[29]. PSG registered five stages of sleep: awake, stage N1, N2, N3, and rapid eye movement
(REM) sleep. Owing to the difficulty in distinguishing between the N1 and N2 sleep stages for
Fitbit, a summation of N1 and N2 sleep stages in PSG was categorized as “light sleep” and N3
as “deep sleep" to compare with FBC. Data from AWS were processed using Actiware version
6.6.7 (Philips Respironics Inc., Pittsburgh, Pennsylvania, United States). Automatically ana-
lyzed data were refined according to lights off and on times from PSG. The FBC sleep informa-
tion was extracted from the Fitbit web interface once the device synchronized with the
interface via the Bluetooth capabilities of a USB-connected dongle. As soon as data synchroni-
zation was complete, the start and end time of the sleep cycles were manually revised to be con-
sistent with that of PSG. FBC classifies epochs into awake or one of three sleep stages: light
sleep (LS), deep sleep (DS), or REM sleep. Sleep stage was manually collected from summary
figures on the web interface.

The sleep variables were TST (min), SE (%), SOL (min), WASO (min), stage N1 (min),
stage N2 (min), stage N3 (min), and REM (min). In order to compare with PSG stage classifi-
cations, the sum of N1 and N2 assessed by FBC was assumed to represent LS (min) and N3,
DS (min). All the authors earnestly protected the participants’ privacy and none of the authors
had access to information that could identify individual participants during or after data
collection.

Data analysis. All statistical analyses were conducted using SPSS version 22.0 software
(IBM Corp., Armonk, New York, United States) and MedCalc version 12.6 (MedCalc Software
Ltd, Ostend, Belgium). Statistical significance was established at p < 0.05, with two-sided tests
for every sleep variable. We calculated the mean and standard deviation(SD) of each sleep vari-
able provided by the PSG, AWS, and FBC devices.

The Bland-Altman technique was used to plot the difference between FBC and AWS
against the PSG measurement for every parameter, including TST, SOL, WASO, and SE [30].
The mean difference and 95% confidence interval are demonstrated [30]. A positive mean dif-
ference shows that a device overestimates the sleep variables when comparing them to the gold
standard. A negative bias demonstrates that the variable is underestimated. A significant value
indicates that the difference in scores between two devices changes according to the level of
the measured sleep variable.

To quantify the agreement in sleep-wake categorization between AWS, FBC, and PSG,
epoch-by-epoch(EBE) analyses were calculated for deriving three agreement measures: accu-
racy (ability to correctly classify epochs), sensitivity (ability to detect sleep), and specificity
(ability to detect wakefulness) for each device setting (Table 1) [31]. Epoch-by-epoch compari-
sons were executed on pairwise matching. Sleep data for 8.1% (n = 3) of FBC were unavailable
and were excluded from pairwise analyses. In order to assess potential biases in PSG, FBC, and
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Table 1. Calculation formula for sensitivity, specificity, and accuracy.

PSG
AWS/FBC Sleep Wake Total
Sleep True Sleep(TS) False Sleep(FS) TS+EFS
Wake False Wake(FW) True Wake(TW) FW+TW
Total TS+FW FS+TW TS+FS+TW+FW

https://doi.org/10.1371/journal.pone.0275287.t001

AWS data synchronization, we calculated EBE specificity by sliding the epoch alignment up to
90s (1-3 epochs forward and backward).

Results

A total of 37 patients with chronic insomnia were chosen to participate in this study, including
20 women and 17 men (mean age = 48.8 £ 2.1). Their PSQI scores (mean score = 11.7 + 2.8)
and ISI scores (mean score = 19.8 + 3.2) indicated mild to moderate sleep disturbance. The
overall results, including sleep variables, are summarized in Table 2.

FBC: Fitbit Charge 4"™; AWS: Actiwatch Spectrum Pro; PSG: Polysomnography

Bland-Altman mean difference analysis

The Bland-Altman technique was chosen to plot the difference between AWS and FBC against
the gold standard PSG measurement for each sleep variable (Table 3). When the AWS values
were compared to PSG, non-significant overestimations of TST (2.3, p = 0.7549), as well as non-
significant underestimations of SE (-1.5%, p = 0.2572), SOL (-1.0, p = 0.6907), and WASO (-14.
8, p = 0.0509), were identified. Corresponding Bland-Altman plots are shown below (Fig 1).
Direct comparison of FBC to AWS showcased remarkably lower assessment of SE (-3.6%,
p =0.0008) and TST (-13.8, p = 0.0112) for FBC, as well as comparably higher assessment of
WASO (19.2, p = 0.0001). FBC and AWS demonstrated similar assessments of SOL (-0.8,
p =0.7141) (see Fig 3).

Sensitivity, specificity, and accuracy

When compared epoch-by-epoch against PSG, AWS showed good sensitivity and accuracy,
with poor specificity. Furthermore, FBC demonstrated a relatively better sensitivity and

Table 2. Sleep variables of PSG, AWS, and FBC.

PSG AWS FBC
Sleep variables

TST(min) 421.9+64.8 424.2+65.6 412.6£56.1

SE(%) 90.9+8.6 89.4+4.8 85.5+5.4
WASO(min) 42.7+44.5 27.8+17.3 47.6+23.5

SOL(min) 12.2+12.7 11.2+12.7 10.9+9.6
LS(min) 221.3+57.2 - 259.4+48.6
DS(min) 114.4+35.9 - 73.0£26.5
REM(min) 90.5429.1 - 85.8429.3

Sleep variables include: total sleep time (TST; min), sleep efficiency (SE; percent), sleep onset latency (SOL; min),
wake after sleep onset (WASO; min), sleep stages N1 + N2 (LS; min), stage N3 (DS; min), and rapid eye movement
sleep duration (REM; min)

https://doi.org/10.1371/journal.pone.0275287 1002
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Table 3. Bias, SD, upper and lower agreement limits for Bland-Altman plots.

TST(min) AWS vs. PSG 2.3 -83.5 88.0 0.7549

FBC vs. PSG -11.0 -99.3 77.2 0.1620

AWS vs. FBC -13.8 -72.4 44.8 0.0112*

SE(%) AWS vs. PSG -1.5 -16.6 13.7 0.2572

FBC vs. PSG -4.9 -21.2 11.4 0.0016*

AWS vs. FBC -3.6 -14.6 7.5 0.0008*

SOL(min) AWS vs. PSG -1.0 -30.3 28.3 0.6907

FBC vs. PSG -1.8 -22.0 18.4 0.2134

AWS vs. FBC -0.8 -25.4 23.8 0.7141

WASO(min) AWS vs. PSG -14.8 -102.4 72.7 0.0509

FBC vs. PSG 2.8 -66.6 72.3 0.6426

AWS vs. FBC 19.2 -31.4 69.7 0.0001"

LS(min) FBC vs. PSG 37.7 -84.2 159.6 0.0012*
DS(min) FBC vs. PSG -41.4 -122.6 39.8 <0.0001*

REM(min) FBC vs. PSG -4.7 -72.4 63.1 0.4371

Notes: *indicate statistically significant (p < 0.05).

When compared to PSG, FBC demonstrated a visible overestimation of LS (37.69, p = 0.0012), while significantly underestimating DS (-41.38, p < 0.0001) and SE
(-4.9%, p = 0.0016). Non-significant overestimations of WASO (2.8, p = 0.6426), as well as non-significant underestimations of TST (-11.0, p = 0.1620), SOL (-1.8,
p =0.2134), and REM (-4.7, p = 0.4371), were also identified (see Fig 2).

https://doi.org/10.1371/journal.pone.0275287.t003
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Fig 1. Bland-Altman plot demonstrating mean bias, and upper and lower limits of agreement between PSG and
AWS for all sleep variables (TST, SE, SOL, and WASO).

https://doi.org/10.1371/journal.pone.0275287.9001
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Fig 2. Bland-Altman plot demonstrating mean bias, and upper and lower limits of agreement between PSG and FBC for

all sleep variables (TST, SE, SOL, WASO, LS, DS, and REM).

https://doi.org/10.1371/journal.pone.0275287.9002
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Fig 3. Bland-Altman plot demonstrating mean bias, and upper and lower limits of agreement between AWS and
FBC for all sleep variables (TST, SE, SOL, and WASO).

https://doi.org/10.1371/journal.pone.0275287.9003

accuracy, with moderate specificity. The results of the sensitivity, specificity, and accuracy are
presented in Table 4.

Discussion

It appears that our study is the first investigation to explore the accuracy of new generation fit-
ness-trackers’ (specifically FBC) use in Chinese patients with chronic insomnia. This disorder
can remarkably influence both clinical care and research in the field of sleep medicine. In clini-
cal practice, it is becoming increasingly popular to obtain sleep information from commercial
activity trackers [18]. Thus, expounding the wearables’ disadvantages and advantages is
increasingly essential in the field of sleep disorder diagnosis and treatment. Additionally, clari-
tying these devices’ potential to accurately estimate sleep is essential in interpreting longitudi-
nal, field-based assessments of circadian rhythm in patients with sleep problems who may use
these devices. Our research results show that FBC displays a similar performance in quantify-
ing sleep variables and classifying sleep stages in chronic insomnia when compared to the gold
standard of PSG. Although the outcomes are exciting, and indirectly enable a more accurate
measuring of sleep in a larger sample size using consumer activity trackers, several limitations
exist that need to be recognized.

Table 4. Sensitivity, specificity, and accuracy in an epoch-by-epoch comparison of FBC and AWS with PSG.

Comparison
AWS vs. PSG
FBC vs. PSG
FBC vs. AWS

https://doi.org/10.1371/journal.pone.0275287.t1004

Sensitivity(%z+SD) Specificity(%zSD) Accuracy(%+SD)
92.6+15.7 35.7£20.1 86.9£10.1
89.9+4.0 62.2126.2 86.5+5.4
89.1+4.8 75.7£23.3 87.91£5.3
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Consumer-grade Fitbit has caught up with research-grade actigraph

FBC is among the new generation of wearables that apply a multisensory technology to distin-
guish between sleep stages. In the current study, the primary outcomes demonstrate that FBC,
in comparison to PSG, remarkably overestimates LS, while underestimating SE and DS. More-
over, FBC demonstrates no bias in the assessment of TST, WASO, SOL, or REM sleep relative
to PSG and fully tracks nightly sleep cycles. However, the data about the accuracy of FBC in
assessing sleep variables are conflicting. No significant differences were found between FBC
and the gold standard PSG in assessing TST, WASO, and SOL. This is inconsistent with other
studies’ results [32, 33]. This may be due to the FBC high data loss as three participants’ FBC
data were lost. This corresponds to a recent longitudinal survey that showed high rates of data
loss for the Fitbit [34]. Missing data were caused by patient factors (such as patients taking off
the FBC during the night) or equipment failure (such as FBC recording ceased due to battery
malfunction), which probably reduces the reliability of the FBC. However, when explaining
the capability of FBC compared to different Fitbit models and other kinds of consumer activity
trackers, we should not fully exclude certain influencing factors. For example, the participants
included in the study or the type of study design and methodology could influence the consis-
tency of results. Although no statistical difference was found, the absolute biases we observed
for TST (approximately 11 min), SE (approximately 4.9%), and WASO (approximately 9 min)
were in the lower tail of bias distributions shown by motion-based Fitbit devices (i.e., 7-67
min for TST, 2-15% for SE, and 6-44 min for WASQ) [35]. These outcomes demonstrate that
measuring TST and SE in normal populations with newer models of Fitbit devices tends to
reduce the degree of overestimation. Our research results are consistent with the trend
highlighted for consumer activity trackers’ performance. This trend suggests increasing accu-
racy for the newer generation of consumer activity trackers [35, 36], possibly due to the imple-
mentation of a multi-sensor approach (integration of motion and photoplethysmographic
data to quantify sleep and wake duration), and advancements in algorithm refinement.
Interestingly, the validated actigraph AWS performed comparably to PSG in assessing TST,
SE, WASO, and SOL. However, AWS shows an incapability to exactly recognize wake epochs
compared to PSG (specificity = 35.7%). The high reliability of AWS for estimating sleep vari-
ables corresponds to previous findings [37]. According to those studies, AWS is widely used
both in research [38, 39] and clinical [40] settings. However, to study this reliability, users
would have to remember bed and wake times and experienced researchers would be required
to process the data from the software. This would be labor- consuming and the results would
not be immediately obtainable. One of the disadvantages of actigraphy-based consumer activ-
ity trackers, for example AWS, is the relatively low specificity (accuracy to detect wakefulness).
The specificity of FBC and AWS showed in this study differed significantly (62.2% and 35.7%).
These findings also differed from previous reports that used the original Fitbit and Actiwatch
and showed worse specificities for the former (19.8% and 38.9% respectively) [23]. In the cur-
rent study, the specificity of FBC is 62.2%. Although there are no basic principles for determin-
ing a "good" or "bad" property [36], a specificity of 62.2% is better than that shown in previous
studies measuring the accurateness of former Fitbit types. These studies depended only on
movement to distinguish between sleep and wake (Fitbit "original", specificity of 20.0% [23];
Fitbit Flex, specificity of 35.0% and 36.0% [41]; Fitbit Ultra, specificity of 52.0% [18]; Fitbit
Charge HR, specificity of 42.0% [42]; and Fitbit Charge 3™, specificity of 61.0% [43]). Previ-
ous studies have shown low specificity for former Fitbit types relative to PSG, usually less than
0.5 [44, 45]. However, the current study has found a specificity of 62.2%, which is within the
specificity range (0.3 to 0.7), and is consistent with previous reports validating Fitbit devices
against PSG [46]. To summarize, the results demonstrate that FBC’s measurement of sleep
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variables is comparable to that of PSG, as is the more traditional actigraphy. Moreover, these
may also show more advantages in detecting wakefulness.

Fitbit sleep staging

Several reports have discussed the accuracy of commercial fitness-trackers in measuring sleep
stages against PSG. Our current findings demonstrate that FBC shows a significant overesti-
mation of LS, while significantly underestimating DS. However, REM sleep estimation by FBC
was accurate on average. Therefore, our findings replicate those of de Zambotti [43] and Men-
ghini [25]. Owing to the development in transducer ability and signal processing technology,
FBC has recently applied a multisensory information detection system for sleep detection.
Such devices declare that sleep stages can be detected through various information sources
besides motion, including HR and HRV. Theoretically, it is a reasonable assumption that the
use of HR and HRV measurements are beneficial for sleep stage classification and the assess-
ment of quiet wakefulness, when participants lay motionless on the bed. Particularly, sleep-
stage specific shifting in autonomic activity, as monitored by HRV, is an accepted finding [47],
with EEG and HRV measures tightly coupled overnight [48]. However, phasic sleep events
(such as arousals and k-complexes), which are considered signs of sleep stage transitions in
PSG [49], are accompanied by stereotypical HR fluctuations [50]. There is thus no reason to
doubt the comparatively better specificity that the current research shows. It is a rising trend
for superior accuracy in the new generation of multisensory activity trackers, owing to the use
of other information sources besides movement, to demonstrate better ability to distinguish
between sleep-wake states and sleep stages.

Limitations

This investigation has certain limitations. As our study included participants who had been
diagnosed with chronic insomnia for at least 3 months, the results may not be generalizable to
participants with other sleep problems. Additionally, these conclusions may not be generaliz-
able to longitudinal assessments of sleep-wake patterns using FBC since measurement was
conducted for only one night in the current study. Considering that FBC would likely be most
helpful in a longitudinal study, this study design should be used to assess multisensory wear-
ables’ accuracy over several nights in future studies. Moreover, depending on the participants
included and the devices and algorithms used, variation in estimation of sleep parameters and
staging among the studies would be great. Thus, conclusions from the current research may
not be generalizable to other types of Actiwatches and Fitbits. A previous study has shown that
various algorithms used to assess the same information generate a variety of results [16]. Thus,
results from various studies assessing similar wearables with differing scoring systems would
also not be generalizable.

Conclusions

In conclusion, although our research shows that FBC cannot completely replace PSG in the
quantification of sleep variables and the classification of sleep stage in patients with chronic
insomnia, the user-friendly and low-cost wearables do show some comparable functions to
PSG. The disadvantage in detecting wakefulness, complications surrounding the proprietary
nature of the staging algorithm, privacy and regulatory concerns, and repeated information
loss at the present time result in the restriction of clinical and research applications of the
device in patients with chronic insomnia. Nevertheless, FBC has capacity as an estimator of
sleep-wake patterns on par with standard actigraphy and PSG in a sleep laboratory. Addition-
ally, FBC demonstrates better performance compared to other Fitbit models. This suggests
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that, with future improvements, such multisensory activity trackers could be helpful when
working with patients who have chronic insomnia.

Acknowledgments

The authors thank Wang Pu, Zhang Lin, Xing Shasha, and Zhang Zhiqiang for their selfless
assistance with the collecting, scoring, and staging of data. We express our gratitude to all the
participants. We also thank Editage for polishing grammar.

Author Contributions

Data curation: Sen Yang, Yuanli Guo, Peihua Lv.
Formal analysis: Yuanli Guo, Min Wang.

Funding acquisition: Yusheng Li.

Methodology: Xiaofang Dong, Sen Yang, Min Wang.
Project administration: Xiaofang Dong, Peihua Lv, Yusheng Li.
Resources: Yuanli Guo.

Software: Sen Yang, Peihua Lv.

Supervision: Yusheng Li.

Validation: Peihua Lv.

Writing - original draft: Xiaofang Dong.

Writing - review & editing: Min Wang, Yusheng Li.

References

1.  Watson NF, Badr MS, Belenky G, Bliwise DL, Buxton OM, Buysse D, et al. Recommended Amount of
Sleep for a Healthy Adult: A Joint Consensus Statement of the American Academy of Sleep Medicine
and Sleep Research Society. Sleep. 2015; 38(6):843—4. Epub 2015/06/04. https://doi.org/10.5665/
sleep.4716 PMID: 26039963; PubMed Central PMCID: PMC4434546.

2. Depner CM, Melanson EL, Eckel RH, Snell-Bergeon JK, Perreault L, Bergman BC, et al. Ad libitum
Weekend Recovery Sleep Fails to Prevent Metabolic Dysregulation during a Repeating Pattern of Insuf-
ficient Sleep and Weekend Recovery Sleep. Current biology: CB. 2019; 29(6):957-67.e4. Epub 2019/
03/05. https://doi.org/10.1016/j.cub.2019.01.069 PMID: 30827911.

3. Lucey BP, Holtzman DM. How amyloid, sleep and memory connect. Nature neuroscience. 2015; 18
(7):933—4. Epub 2015/06/26. https://doi.org/10.1038/nn.4048 PMID: 26108720; PubMed Central
PMCID: PMC4770804.

4. Bokenberger K, Strdom P, Dahl Aslan AK, Johansson AL, Gatz M, Pedersen NL, et al. Association
Between Sleep Characteristics and Incident Dementia Accounting for Baseline Cognitive Status: A Pro-
spective Population-Based Study. The journals of gerontology Series A, Biological sciences and medi-
cal sciences. 2017; 72(1):134-9. Epub 2016/07/13. https://doi.org/10.1093/gerona/glw127 PMID:
27402049; PubMed Central PMCID: PMC5155660.

5. Cappuccio FP D’Elia L, Strazzullo P, Miller MA. Sleep duration and all-cause mortality: a systematic
review and meta-analysis of prospective studies. Sleep. 2010; 33(5):585-92. Epub 2010/05/18. https:/
doi.org/10.1093/sleep/33.5.585 PMID: 20469800; PubMed Central PMCID: PMC2864873.

6. Sateia MJ. International classification of sleep disorders-third edition: highlights and modifications.
Chest. 2014; 146(5):1387-94. Epub 2014/11/05. hitps://doi.org/10.1378/chest.14-0970 PMID:
25367475.

7. Ford ES, Cunningham TJ, Croft JB. Trends in Self-Reported Sleep Duration among US Adults from
1985 to 2012. Sleep. 2015; 38(5):829-32. Epub 2015/02/12. https://doi.org/10.5665/sleep.4684 PMID:
25669182; PubMed Central PMCID: PMC4402659.

8. Cao XL, Wang SB, Zhong BL, Zhang L, Ungvari GS, Ng CH, et al. The prevalence of insomnia in the
general population in China: A meta-analysis. PloS one. 2017; 12(2):e0170772. Epub 2017/02/25.

PLOS ONE | https://doi.org/10.1371/journal.pone.0275287 October 18, 2022 11/14


https://doi.org/10.5665/sleep.4716
https://doi.org/10.5665/sleep.4716
http://www.ncbi.nlm.nih.gov/pubmed/26039963
https://doi.org/10.1016/j.cub.2019.01.069
http://www.ncbi.nlm.nih.gov/pubmed/30827911
https://doi.org/10.1038/nn.4048
http://www.ncbi.nlm.nih.gov/pubmed/26108720
https://doi.org/10.1093/gerona/glw127
http://www.ncbi.nlm.nih.gov/pubmed/27402049
https://doi.org/10.1093/sleep/33.5.585
https://doi.org/10.1093/sleep/33.5.585
http://www.ncbi.nlm.nih.gov/pubmed/20469800
https://doi.org/10.1378/chest.14-0970
http://www.ncbi.nlm.nih.gov/pubmed/25367475
https://doi.org/10.5665/sleep.4684
http://www.ncbi.nlm.nih.gov/pubmed/25669182
https://doi.org/10.1371/journal.pone.0275287

PLOS ONE

Assessing sleep in chronic insomnia patients using Fitbit Charge 4

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

https://doi.org/10.1371/journal.pone.0170772 PMID: 28234940; PubMed Central PMCID:
PMC5325204.

Decker MJ, Lin JM, Tabassum H, Reeves WC. Hypersomnolence and sleep-related complaints in met-
ropolitan, urban, and rural Georgia. American journal of epidemiology. 2009; 169(4):435-43. Epub
2008/12/11. https://doi.org/10.1093/aje/kwn365 PMID: 19066308; PubMed Central PMCID:
PMC2640164.

Jafari B, Mohsenin V. Polysomnography. Clinics in chest medicine. 2010; 31(2):287—97. Epub 2010/05/
22. https://doi.org/10.1016/j.ccm.2010.02.005 PMID: 20488287 .

Ibafez V, Silva J, Cauli O. A survey on sleep questionnaires and diaries. Sleep medicine. 2018; 42:90—
6. Epub 2018/02/21. https://doi.org/10.1016/j.sleep.2017.08.026 PMID: 29458752.

Meltzer LJ, Montgomery-Downs HE, Insana SP, Walsh CM. Use of actigraphy for assessment in pediat-
ric sleep research. Sleep medicine reviews. 2012; 16(5):463—75. Epub 2012/03/20. https://doi.org/10.
1016/j.smrv.2011.10.002 PMID: 22424706; PubMed Central PMCID: PMC3445439.

Sadeh A. The role and validity of actigraphy in sleep medicine: an update. Sleep medicine reviews.
2011; 15(4):259-67. Epub 2011/01/18. https://doi.org/10.1016/j.smrv.2010.10.001 PMID: 21237680.

Lovato N, Gradisar M, Short M, Dohnt H, Micic G. Delayed sleep phase disorder in an Australian
school-based sample of adolescents. Journal of clinical sleep medicine: JCSM: official publication of
the American Academy of Sleep Medicine. 2013; 9(9):939—44. Epub 2013/09/03. https://doi.org/10.
5664/jcsm.2998 PMID: 23997706; PubMed Central PMCID: PMC3746721.

Hyde M, O’Driscoll DM, Binette S, Galang C, Tan SK, Verginis N, et al. Validation of actigraphy for
determining sleep and wake in children with sleep disordered breathing. Journal of sleep research.
2007; 16(2):213-6. Epub 2007/06/05. https://doi.org/10.1111/j.1365-2869.2007.00588.x PMID:
17542951.

Meltzer LJ, Walsh CM, Traylor J, Westin AM. Direct comparison of two new actigraphs and polysomno-
graphy in children and adolescents. Sleep. 2012; 35(1):159-66. Epub 2012/01/05. https://doi.org/10.
5665/sleep.1608 PMID: 22215930; PubMed Central PMCID: PMC3242684.

Meltzer LJ, Westin AM. A comparison of actigraphy scoring rules used in pediatric research. Sleep med-
icine. 2011; 12(8):793-6. Epub 2011/06/22. https://doi.org/10.1016/j.sleep.2011.03.011 PMID:
21689983; PubMed Central PMCID: PMC3402090.

Meltzer LJ, Hiruma LS, Avis K, Montgomery-Downs H, Valentin J. Comparison of a Commercial Accel-
erometer with Polysomnography and Actigraphy in Children and Adolescents. Sleep. 2015; 38
(8):1323-30. Epub 2015/06/30. https://doi.org/10.5665/sleep.4918 PMID: 26118555; PubMed Central
PMCID: PMC4507738.

Depner CM, Cheng PC, Devine JK, Khosla S, de Zambotti M, Robillard R, et al. Wearable technologies
for developing sleep and circadian biomarkers: a summary of workshop discussions. Sleep. 2020; 43
(2). Epub 2019/10/24. https://doi.org/10.1093/sleep/zsz254 PMID: 31641776; PubMed Central PMCID:
PMC7368340.

Park KS, Choi SH. Smart technologies toward sleep monitoring at home. Biomedical engineering let-
ters. 2019; 9(1):73-85. Epub 2019/04/09. https://doi.org/10.1007/s13534-018-0091-2 PMID:
30956881; PubMed Central PMCID: PMC6431329.

Moreno-Pino F, Porras-Segovia A, Lopez-Esteban P, Artés A, Baca-Garcia E. Validation of Fitbit
Charge 2 and Fitbit Alta HR Against Polysomnography for Assessing Sleep in Adults With Obstructive
Sleep Apnea. Journal of clinical sleep medicine: JCSM: official publication of the American Academy of
Sleep Medicine. 2019; 15(11):1645-53. Epub 2019/11/20. https://doi.org/10.5664/jcsm.8032 PMID:
31739855; PubMed Central PMCID: PMC6853383.

Luik Al, Farias Machado P, Espie CA. Delivering digital cognitive behavioral therapy for insomnia at
scale: does using a wearable device to estimate sleep influence therapy? NPJ digital medicine. 2018;
1:3. Epub 2018/02/19. https://doi.org/10.1038/s41746-017-0010-4 PMID: 31304289; PubMed Central
PMCID: PMC6548338.

Montgomery-Downs HE, Insana SP, Bond JA. Movement toward a novel activity monitoring device.
Sleep & breathing = Schlaf & Atmung. 2012; 16(3):913-7. Epub 2011/10/06. https://doi.org/10.1007/
s11325-011-0585-y PMID: 21971963.

Mantua J, Gravel N, Spencer RM. Reliability of Sleep Measures from Four Personal Health Monitoring
Devices Compared to Research-Based Actigraphy and Polysomnography. Sensors (Basel, Switzer-
land). 2016; 16(5). Epub 2016/05/11. https://doi.org/10.3390/s16050646 PMID: 27164110; PubMed
Central PMCID: PMC4883337.

Menghini L, Yuksel D, Goldstone A, Baker FC, de Zambotti M. Performance of Fitbit Charge 3 against
polysomnography in measuring sleep in adolescent boys and girls. Chronobiology international. 2021;
38(7):1010-22. Epub 2021/04/02. https://doi.org/10.1080/07420528.2021.1903481 PMID: 33792456;
PubMed Central PMCID: PMC8255273.

PLOS ONE | https://doi.org/10.1371/journal.pone.0275287 October 18, 2022 12/14


https://doi.org/10.1371/journal.pone.0170772
http://www.ncbi.nlm.nih.gov/pubmed/28234940
https://doi.org/10.1093/aje/kwn365
http://www.ncbi.nlm.nih.gov/pubmed/19066308
https://doi.org/10.1016/j.ccm.2010.02.005
http://www.ncbi.nlm.nih.gov/pubmed/20488287
https://doi.org/10.1016/j.sleep.2017.08.026
http://www.ncbi.nlm.nih.gov/pubmed/29458752
https://doi.org/10.1016/j.smrv.2011.10.002
https://doi.org/10.1016/j.smrv.2011.10.002
http://www.ncbi.nlm.nih.gov/pubmed/22424706
https://doi.org/10.1016/j.smrv.2010.10.001
http://www.ncbi.nlm.nih.gov/pubmed/21237680
https://doi.org/10.5664/jcsm.2998
https://doi.org/10.5664/jcsm.2998
http://www.ncbi.nlm.nih.gov/pubmed/23997706
https://doi.org/10.1111/j.1365-2869.2007.00588.x
http://www.ncbi.nlm.nih.gov/pubmed/17542951
https://doi.org/10.5665/sleep.1608
https://doi.org/10.5665/sleep.1608
http://www.ncbi.nlm.nih.gov/pubmed/22215930
https://doi.org/10.1016/j.sleep.2011.03.011
http://www.ncbi.nlm.nih.gov/pubmed/21689983
https://doi.org/10.5665/sleep.4918
http://www.ncbi.nlm.nih.gov/pubmed/26118555
https://doi.org/10.1093/sleep/zsz254
http://www.ncbi.nlm.nih.gov/pubmed/31641776
https://doi.org/10.1007/s13534-018-0091-2
http://www.ncbi.nlm.nih.gov/pubmed/30956881
https://doi.org/10.5664/jcsm.8032
http://www.ncbi.nlm.nih.gov/pubmed/31739855
https://doi.org/10.1038/s41746-017-0010-4
http://www.ncbi.nlm.nih.gov/pubmed/31304289
https://doi.org/10.1007/s11325-011-0585-y
https://doi.org/10.1007/s11325-011-0585-y
http://www.ncbi.nlm.nih.gov/pubmed/21971963
https://doi.org/10.3390/s16050646
http://www.ncbi.nlm.nih.gov/pubmed/27164110
https://doi.org/10.1080/07420528.2021.1903481
http://www.ncbi.nlm.nih.gov/pubmed/33792456
https://doi.org/10.1371/journal.pone.0275287

PLOS ONE

Assessing sleep in chronic insomnia patients using Fitbit Charge 4

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Cohen JF, Korevaar DA, Altman DG, Bruns DE, Gatsonis CA, Hooft L, et al. STARD 2015 guidelines
for reporting diagnostic accuracy studies: explanation and elaboration. BMJ Open. 2016; 6(11):
e€012799. Epub 2017/02/01. https://doi.org/10.1136/bmjopen-2016-012799 PMID: 28137831; PubMed
Central PMCID: PMC5128957.

Tsai PS, Wang SY, Wang MY, Su CT, Yang TT, Huang CJ, et al. Psychometric evaluation of the Chi-
nese version of the Pittsburgh Sleep Quality Index (CPSQI) in primary insomnia and control subjects.
Quality of life research: an international journal of quality of life aspects of treatment, care and rehabilita-
tion. 2005; 14(8):1943-52. Epub 2005/09/13. https://doi.org/10.1007/s11136-005-4346-x PMID:
16155782.

Chae KY, Kripke DF, Poceta JS, Shadan F, Jamil SM, Cronin JW, et al. Evaluation of immobility time
for sleep latency in actigraphy. Sleep medicine. 2009; 10(6):621-5. Epub 2008/12/24. https://doi.org/
10.1016/j.sleep.2008.07.009 PMID: 19103508.

Berry RB, Gamaldo CE, Harding SM, Brooks R, Lloyd RM, Vaughn BV, et al. AASM Scoring Manual
Version 2.2 Updates: New Chapters for Scoring Infant Sleep Staging and Home Sleep Apnea Testing.
Journal of clinical sleep medicine: JCSM: official publication of the American Academy of Sleep Medi-
cine. 2015; 11(11):1253—4. Epub 2015/10/09. https://doi.org/10.5664/jcsm.5176 PMID: 26446251;
PubMed Central PMCID: PMC4623121.

Bland JM, Altman DG. Comparing methods of measurement: why plotting difference against standard
method is misleading. Lancet (London, England). 1995; 346(8982):1085—7. Epub 1995/10/21. hitps://
doi.org/10.1016/s0140-6736(95)91748-9 PMID: 7564793.

Toon E, Davey MJ, Hollis SL, Nixon GM, Horne RS, Biggs SN. Comparison of Commercial Wrist-Based
and Smartphone Accelerometers, Actigraphy, and PSG in a Clinical Cohort of Children and Adoles-
cents. Journal of clinical sleep medicine: JCSM: official publication of the American Academy of Sleep
Medicine. 2016; 12(3):343-50. Epub 2015/10/09. https://doi.org/10.5664/jcsm.5580 PMID: 26446248;
PubMed Central PMCID: PMC4773624.

Rosenberger ME, Buman MP, Haskell WL, McConnell MV, Carstensen LL. Twenty-four Hours of
Sleep, Sedentary Behavior, and Physical Activity with Nine Wearable Devices. Med Sci Sports Exerc.
2016; 48(3):457-65. Epub 2015/10/21. https://doi.org/10.1249/MSS.0000000000000778 PMID:
26484953; PubMed Central PMCID: PMC4760880.

Evenson KR, Goto MM, Furberg RD. Systematic review of the validity and reliability of consumer-wear-
able activity trackers. The international journal of behavioral nutrition and physical activity. 2015;
12:159. Epub 2015/12/20. https://doi.org/10.1186/s12966-015-0314-1 PMID: 26684758; PubMed Cen-
tral PMCID: PMC4683756.

Baroni A, Bruzzese JM, Di Bartolo CA, Shatkin JP. Fitbit Flex: an unreliable device for longitudinal sleep
measures in a non-clinical population. Sleep & breathing = Schlaf & Atmung. 2016; 20(2):853—4. Epub
2015/10/10. https://doi.org/10.1007/s11325-015-1271-2 PMID: 26449552.

Haghayegh S, Khoshnevis S, Smolensky MH, Diller KR, Castriotta RJ. Accuracy of Wristband Fitbit
Models in Assessing Sleep: Systematic Review and Meta-Analysis. Journal of medical Internet
research. 2019; 21(11):e16273. Epub 2019/11/30. https://doi.org/10.2196/16273 PMID: 31778122;
PubMed Central PMCID: PMC6908975.

de Zambotti M, Cellini N, Goldstone A, Colrain IM, Baker FC. Wearable Sleep Technology in Clinical
and Research Settings. Med Sci Sports Exerc. 2019; 51(7):1538-57. Epub 2019/02/23. https://doi.org/
10.1249/MSS.0000000000001947 PMID: 30789439; PubMed Central PMCID: PMC6579636.

Marino M, Li Y, Rueschman MN, Winkelman JW, Ellenbogen JM, Solet JM, et al. Measuring sleep:
accuracy, sensitivity, and specificity of wrist actigraphy compared to polysomnography. Sleep. 2013; 36
(11):1747-55. Epub 2013/11/02. https://doi.org/10.5665/sleep.3142 PMID: 24179309; PubMed Central
PMCID: PMC3792393.

Cruse D, Thibaut A, Demertzi A, Nantes JC, Bruno MA, Gosseries O, et al. Actigraphy assessments of
circadian sleep-wake cycles in the Vegetative and Minimally Conscious States. BMC medicine. 2013;
11:18. Epub 2013/01/26. https://doi.org/10.1186/1741-7015-11-18 PMID: 23347467; PubMed Central
PMCID: PMC3606428.

Kline CE, Crowley EP, Ewing GB, Burch JB, Blair SN, Durstine JL, et al. The effect of exercise training
on obstructive sleep apnea and sleep quality: a randomized controlled trial. Sleep. 2011; 34(12):1631—
40. Epub 2011/12/02. https://doi.org/10.5665/sleep.1422 PMID: 22131599; PubMed Central PMCID:
PMC3208839.

Morgenthaler T, Alessi C, Friedman L, Owens J, Kapur V, Boehlecke B, et al. Practice parameters for
the use of actigraphy in the assessment of sleep and sleep disorders: an update for 2007. Sleep. 2007;
30(4):519-29. Epub 2007/05/25. https://doi.org/10.1093/sleep/30.4.519 PMID: 17520797.

Cook JD, Prairie ML, Plante DT. Utility of the Fitbit Flex to evaluate sleep in major depressive disorder:
A comparison against polysomnography and wrist-worn actigraphy. Journal of affective disorders.

PLOS ONE | https://doi.org/10.1371/journal.pone.0275287 October 18, 2022 13/14


https://doi.org/10.1136/bmjopen-2016-012799
http://www.ncbi.nlm.nih.gov/pubmed/28137831
https://doi.org/10.1007/s11136-005-4346-x
http://www.ncbi.nlm.nih.gov/pubmed/16155782
https://doi.org/10.1016/j.sleep.2008.07.009
https://doi.org/10.1016/j.sleep.2008.07.009
http://www.ncbi.nlm.nih.gov/pubmed/19103508
https://doi.org/10.5664/jcsm.5176
http://www.ncbi.nlm.nih.gov/pubmed/26446251
https://doi.org/10.1016/s0140-6736%2895%2991748-9
https://doi.org/10.1016/s0140-6736%2895%2991748-9
http://www.ncbi.nlm.nih.gov/pubmed/7564793
https://doi.org/10.5664/jcsm.5580
http://www.ncbi.nlm.nih.gov/pubmed/26446248
https://doi.org/10.1249/MSS.0000000000000778
http://www.ncbi.nlm.nih.gov/pubmed/26484953
https://doi.org/10.1186/s12966-015-0314-1
http://www.ncbi.nlm.nih.gov/pubmed/26684758
https://doi.org/10.1007/s11325-015-1271-2
http://www.ncbi.nlm.nih.gov/pubmed/26449552
https://doi.org/10.2196/16273
http://www.ncbi.nlm.nih.gov/pubmed/31778122
https://doi.org/10.1249/MSS.0000000000001947
https://doi.org/10.1249/MSS.0000000000001947
http://www.ncbi.nlm.nih.gov/pubmed/30789439
https://doi.org/10.5665/sleep.3142
http://www.ncbi.nlm.nih.gov/pubmed/24179309
https://doi.org/10.1186/1741-7015-11-18
http://www.ncbi.nlm.nih.gov/pubmed/23347467
https://doi.org/10.5665/sleep.1422
http://www.ncbi.nlm.nih.gov/pubmed/22131599
https://doi.org/10.1093/sleep/30.4.519
http://www.ncbi.nlm.nih.gov/pubmed/17520797
https://doi.org/10.1371/journal.pone.0275287

PLOS ONE

Assessing sleep in chronic insomnia patients using Fitbit Charge 4

42,

43.

44,

45.

46.

47.

48.

49.

50.

2017; 217:299-305. Epub 2017/04/28. https://doi.org/10.1016/j.jad.2017.04.030 PMID: 28448949;
PubMed Central PMCID: PMC5509938.

de Zambotti M, Baker FC, Willoughby AR, Godino JG, Wing D, Patrick K, et al. Measures of sleep and
cardiac functioning during sleep using a multi-sensory commercially-available wristband in adolescents.
Physiology & behavior. 2016; 158:143-9. Epub 2016/03/13. https://doi.org/10.1016/j.physbeh.2016.083.
006 PMID: 26969518; PubMed Central PMCID: PMC5498752.

de Zambotti M, Goldstone A, Claudatos S, Colrain IM, Baker FC. A validation study of Fitbit Charge 2™
compared with polysomnography in adults. Chronobiology international. 2018; 35(4):465-76. Epub
2017/12/14. https://doi.org/10.1080/07420528.2017.1413578 PMID: 29235907.

de Souza L, Benedito-Silva AA, Pires ML, Poyares D, Tufik S, Calil HM. Further validation of actigraphy
for sleep studies. Sleep. 2003; 26(1):81-5. Epub 2003/03/12. https://doi.org/10.1093/sleep/26.1.81
PMID: 12627737.

Paquet J, Kawinska A, Carrier J. Wake detection capacity of actigraphy during sleep. Sleep. 2007; 30
(10):1362-9. Epub 2007/11/01. https://doi.org/10.1093/sleep/30.10.1362 PMID: 17969470; PubMed
Central PMCID: PMC2266273.

Van de Water AT, Holmes A, Hurley DA. Objective measurements of sleep for non-laboratory settings
as alternatives to polysomnography—a systematic review. Journal of sleep research. 2011; 20(1 Pt
2):183-200. Epub 2010/04/09. https://doi.org/10.1111/j.1365-2869.2009.00814.x PMID: 20374444,

Baharav A, Kotagal S, Gibbons V, Rubin BK, Pratt G, Karin J, et al. Fluctuations in autonomic nervous
activity during sleep displayed by power spectrum analysis of heart rate variability. Neurology. 1995; 45
(6):1183—7. Epub 1995/06/01. https://doi.org/10.1212/wnl.45.6.1183 PMID: 7783886.

Otzenberger H, Simon C, Gronfier C, Brandenberger G. Temporal relationship between dynamic heart
rate variability and electroencephalographic activity during sleep in man. Neuroscience letters. 1997;
229(3):173-6. Epub 1997/07/04. https://doi.org/10.1016/s0304-3940(97)00448-5 PMID: 9237486.

Berry RB, Budhiraja R, Gottlieb DJ, Gozal D, Iber C, Kapur VK, et al. Rules for scoring respiratory
events in sleep: update of the 2007 AASM Manual for the Scoring of Sleep and Associated Events.
Deliberations of the Sleep Apnea Definitions Task Force of the American Academy of Sleep Medicine.
Journal of clinical sleep medicine: JCSM: official publication of the American Academy of Sleep Medi-
cine. 2012; 8(5):597-619. Epub 2012/10/16. https://doi.org/10.5664/jcsm.2172 PMID: 23066376;
PubMed Central PMCID: PMC3459210.

de Zambotti M, Willoughby AR, Franzen PL, Clark DB, Baker FC, Colrain IM. K-Complexes: Interaction
between the Central and Autonomic Nervous Systems during Sleep. Sleep. 2016; 39(5):1129-37.
Epub 2016/02/10. https://doi.org/10.5665/sleep.5770 PMID: 26856907; PubMed Central PMCID:
PMC4835312.

PLOS ONE | https://doi.org/10.1371/journal.pone.0275287 October 18, 2022 14/14


https://doi.org/10.1016/j.jad.2017.04.030
http://www.ncbi.nlm.nih.gov/pubmed/28448949
https://doi.org/10.1016/j.physbeh.2016.03.006
https://doi.org/10.1016/j.physbeh.2016.03.006
http://www.ncbi.nlm.nih.gov/pubmed/26969518
https://doi.org/10.1080/07420528.2017.1413578
http://www.ncbi.nlm.nih.gov/pubmed/29235907
https://doi.org/10.1093/sleep/26.1.81
http://www.ncbi.nlm.nih.gov/pubmed/12627737
https://doi.org/10.1093/sleep/30.10.1362
http://www.ncbi.nlm.nih.gov/pubmed/17969470
https://doi.org/10.1111/j.1365-2869.2009.00814.x
http://www.ncbi.nlm.nih.gov/pubmed/20374444
https://doi.org/10.1212/wnl.45.6.1183
http://www.ncbi.nlm.nih.gov/pubmed/7783886
https://doi.org/10.1016/s0304-3940%2897%2900448-5
http://www.ncbi.nlm.nih.gov/pubmed/9237486
https://doi.org/10.5664/jcsm.2172
http://www.ncbi.nlm.nih.gov/pubmed/23066376
https://doi.org/10.5665/sleep.5770
http://www.ncbi.nlm.nih.gov/pubmed/26856907
https://doi.org/10.1371/journal.pone.0275287

