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INTRODUCTION

Sleep is a fundamental human need supporting the proper functioning of mind and body.1–7 

Being able to measure and accurately quantify sleep is critical to characterize the sleep 

processes supporting health and those implicated in disease as well as to understand how and 

to what extent sleep (a modifiable behavior) can be enhanced to promote healthy living, 

mitigate or slow the occurrence of clinical conditions, and improve cognitive functioning 

and performance.

The current gold standard for measuring sleep is polysomnography (PSG), a multichannel 

recording of scalp cortical brain activity, muscle tone, and eye movement activity (see 

Kryger and colleagues8). To clinically evaluate the presence of sleep disorders, PSG also 

may include other signals, such as the measurement of airflow and respiratory efforts, leg 

movements, oxygen saturation, snoring, and body position. PSG is used mainly in the 

laboratory setting and, occasionally, in nonlaboratory environments (ambulatory PSG). PSG 
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allows an in-depth characterization of sleep physiology, from the sleep macrostructure (the 

dynamics of wake and sleep stage distribution across the night via manual standard 

classification of sleep/wake and sleep stages across the night) to a finer analysis of specific 

features of sleep, via the quantitative analysis of cortical electroencephalographic (EEG) 

signals.8 Despite the vision of sleep as a central nervous system (CNS) phenomenon (a state 

of brain activation), it is important to understand that overall physiology goes through sleep.
9 Although not used for classic standard sleep scoring, additional biosignals can be collected 

simultaneously as part of PSG and can provide information about the state of bodily systems 

at night as well as serving as peripheral correlates of cortical events (eg, arousals) and the 

clinical manifestation of sleep disorders (eg, transient respiratory events). Among the 

additional signals, the most commonly recorded is the electrocardiogram (ECG), from which 

beat-to-beat heart rate (HR) can be extracted and its variability quantified as an indication of 

cardiac autonomic nervous system (ANS) functioning (see de Zambotti and colleagues9). 

Beat-to-beat blood pressure, respiratory rate, skin conductance, and body temperature also 

can be collected. Thus, PSG can truly offer a complete, detailed picture of the physiologic 

state of sleep.

Outside the laboratory, actigraphy is considered as the accepted alternative to PSG.10 

Actigraphy can measure objective day-to-day variation in an individual’s sleep/wake 

activity, which, for example, allows understanding of whether an individual sleeps more 

during the weekend compared with weekdays, potential seasonal variations in sleep, 

regularities/abnormalities in bed times and rising times, how sleep varies across different 

geolocations, and so forth. Actigraphy provides an indirect measure of sleep, a crude 

estimation of an individual sleep/wake patterns by using a motion sensor, usually embedded 

in a wristwatch, to estimate patterns of motion and classify periods as wake or sleep. 

Compared with PSG, actigraphy is limited in detecting wake, particularly when sleep is 

highly disrupted or in the presence of sleep disturbances and in situations in which people 

are lying in bed but not moving. In those cases, actigraphy misclassifies wake as sleep (for 

limitations and use of actigraphy, see Sadeh10).

Both PSG and actigraphy are research/clinical tools, and their applicability on a large scale 

is limited, having a relatively high cost, using specialized equipment including dedicated 

software platforms for data analysis, and requiring specific expertise and trained personnel 

to operate them.

With the recent boom in new consumer sleep technologies (CSTs), possibly due to 

advancements in sensor capabilities, communication protocols (eg, Bluetooth), data analysis 

techniques, data storage (eg, cloud environment), and meeting the consumer market demand 

for devices of low cost, low power consumption, and small size, it is now becoming possible 

to track users’ behaviors, physiology, and sleep 24/7 with minimal obtrusiveness. CSTs have 

several limitations, however. Data usually are extracted via proprietary algorithms that have 

not been independently validated. Limited validation exists for the summary post-processed 

data, and no current validation exists on the direct sensor outputs of CSTs, with companies 

currently not releasing raw data. Users can access their summary data via dedicated mobile 

app or Internet-based platforms. Some third-party services (eg, Fitabase) aiming at a more 

clinical/research use of CSTs, do exist and simplify study implementation, data collection, 
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and monitoring: post-processed data can be obtained with a greater time resolution (eg, 30-s 

epochs), and there is some control on the CSTs algorithm used (algorithm version), although 

raw data are still not provided. Some CSTs companies also provide an open application 

programming interface, which allows a more advanced use of wearable operating systems 

despite not directly accessing the sensors’ readings.11

CSTs usually are wristwatches or other wearable types of devices (clips, rings, and so forth) 

with embedded accelerometer and/or additional sensors (eg, photoplethysmography (PPG), 

temperature, and skin conductance sensors [discussed later]). Noncontact CSTs also exist 

(termed, nearables) and there is a new emerging line of wearables based on the recordings of 

EEG signals using dry electrodes. Although development of these devices is on the rise, they 

still do not reach high numbers of users and, to date, are still far from large-scale 

implementation and usefulness in the field of sleep and circadian science.11

CSTs now are widely used by the general population and increasingly used in clinical and 

research studies (mainly viewed as an alternative to standard actigraphy), linking CST-

measured sleep (eg, sleep duration) and sleep-related outcomes (eg, night-time resting HR) 

with several biopsychosocial factors, performance, and behaviors. Despite recognizing the 

potential of CSTs, it is important to realize that CSTs pose critical challenges for their 

implementation in science given the unregulated and uncontrolled nature of an industry 

product.

There are a growing number of initiatives aimed at providing standards and regulations in 

using CSTs. In a recent review, de Zambotti and colleagues highlighted the performance, 

use, and challenges of these devices in the field of sleep and circadian science, by 

introducing guidelines on how to evaluate and use CSTs.11 The American Academy of Sleep 

Medicine (AASM) recently published a position statement warning about the challenges in 

using CSTs and setting a high bar for their adoption in sleep medicine as a diagnostic tool.12 

A summary of the 2018 International Biomarkers Workshop on Wearables in Sleep and 

Circadian Science promoted by the Sleep Research Society also has been released.13 The 

expert panel’s recommendations include best practices and guidelines for evaluating and 

using CSTs. The Consumer Technology Association recently released some standards for 

CSTs, which include definitions of terminology and methods for calculating basic sleep 

metrics and features used in sleep tracking.14–16 Importantly, the Food and Drug 

Administration (FDA) launched a precertification program (Software Precertification Pilot 

Program, https://www.fda.gov/medical-devices/digital-health/digital-health-software-

precertification-precert-program), a new regulatory model to face the rapid expansion of 

digital health technology on the market that can potentially “replace the need for a premarket 

submission in some cases and allow for decreased submission content and/or faster review 

of marketing applications for software products in other cases.” Some of the major players 

in the CSTs (eg, Fitbit and Apple) currently are involved in the FDA precertification 

program. This new model focuses more on the developer rather than the product per se and 

allows the public to provide inputs on the program through an open public docket (https://

www.regulations.gov/comment?D5FDA-2017-N-4301–0001).
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From a scientific point of view, it is fundamental to understand whether and under which 

circumstances outcomes from CSTs can be trusted and, therefore, how to interpret outcomes 

from studies already adopting these consumer devices. This review highlights the rationale 

and the capability behind wearable sleep trackers and describes what wearable sensors can 

truly record and the meaning of the derived physiologic measures. Finally, a general 

overview of the current use and potential use of CSTs to investigate relationships between 

sleep, health, and performance is provided, considering their limitations due to potential 

errors in sleep quantification.

CONSUMER SLEEP TECHNOLOGIES: SENSORS CAPABILITY AND 

PHYSIOLOGIC MEANING OF BIOSIGNALS

Rudimental versions of CST sensors have been used since the second half of the past century 

to monitor the functioning of different physiologic systems (see Holter17) and behaviors, 

such as physical activity, outside the laboratory/clinical setting.

In the context of sleep monitoring, a first motionbased generation of sleep trackers (ie, using 

accelerometry to estimate patterns of motion and sleep/wake) and a second multisensory 

generation (ie, using a combination of accelerometry and other features extracted by 

different biosignals to improve the detection of sleep/wake patterns and sleep stages) can be 

distinguished. The newer generation of multisensory CSTs aims to collect information about 

sleep macrostructure, specifically about wake, light (commonly referred as PSG N1 + N2), 

deep (commonly referred as PSG N3), and rapid eye movement (REM) sleep (see de 

Zambotti and colleagues11), providing users with a day-by-day feedback on their sleep, 

sleep-related physiology, and fitness. In most cases, sleep trackers can measure motion and 

the night-time plethysmography signal, with some of them also collecting information about 

skin/body temperature and electrodermal activity (skin conductance). This article provides a 

summary of the main types of physiologic signals the CSTs are capable of collecting for 

sleep measurement, along with an overview of the physiologic meaning of these signals, 

processing pipelines, and related challenges (Table 1). For a more exhaustive overview on 

signals used in sleep analysis, see the article by Roebuck and colleagues.18

The multisensory capability of the new generation of CSTs has the potential to (1) 

theoretically, advance the accuracy in sleep tracking by enhancing the capability of 

algorithms for sleep/wake patterns and sleep stage detection—this is possible thanks to a 

combination of motion with a broad range of features obtained from different biosignals 

showing sleep stage–dependent changes (the most common features used by CSTs for sleep 

tracking are based on the analysis of HR and its variability)—and (2) enable assessment of 

the functioning of other body systems (eg, cardiac ANS function) during sleep, making a 

more naturalistic investigation of processes like restoration and recovery possible, as well as 

the detection of abnormalities in cardiac rhythms, potentially expanding their use as 

diagnostic tools. See Matar and colleagues19 for a schematic overview of the physiologic 

changes (HR and its variability, respiratory pattern, and motion) occurring when 

transitioning between PSG-defined sleep stages. See also articles by de Zambotti and 

colleagues,9,11 Willemen and colleagues,20 and Faust and colleagues21 for further details 
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about ANS dynamics during sleep and development and performance of automatic 

algorithms for measuring sleep/wake and sleep stages based on CNS and ANS information. 

For instance, Willemen and colleagues20 used features of cardiorespiratory and movement 

signals to discriminate sleep stages, reaching an accuracy ranging from 69% (wake-REM-

N1N2-N3; Cohen kappa = .56) to 92% (sleep/wake; Cohen kappa = .69). Similarly, Herlan 

and colleagues22 constructed an algorithm to discriminate wake and sleep based on skin 

conductance level (SCL) and skin conductance responses (SCRs), reaching an overall 

accuracy of 86% (97% sensitivity and 75% specificity).

Although there is a strong theoretic basis for applying a multidimensional approach to sleep 

staging, it is challenging for CSTs to implement this approach for several reasons. CSTs 

target gold-standard PSG-level accuracy, whereas (1) PSG is based on experts’ manual-

visual scoring of sleep records and (2) PSG does not provide an absolute reference point.11 

For example, high and variable levels of agreement between experts in scoring sleep records 

(usually highest for REM sleep and wake, followed by N3 and N2 sleep, with the poorest 

agreement for N1 sleep) exist and may pose severe challenges for algorithm development.23 

Furthermore, although methodological guidelines for validating CSTs have begun to appear 

(see de Zambotti and colleagues11 and Depner and colleagues13), specific academic 

standards for validation metrics (eg, threshold for accuracy for sleep and wake classification) 

currently do not exist.

The use of ANS signals to estimate CNS (EEG)-based sleep staging is still in its infancy, 

even within the academic field. ANS-based sleep staging relies on the complex and still 

largely unexplored sleep CNS-ANS dynamics,9 and the current performance of academic-

based automatic algorithms using 1 or more laboratory-grade peripheral signals (respiration, 

motion, and ECG) as well as when based on automatic analysis of EEG signals do not fully 

match PSG-level manual sleep staging.20,21,24 The use of commercial sensors from CSTs 

adds further complexity. For example, common ANS metrics used by CSTs for sleep 

staging, that is, HR variability (HRV) features, may differ according to whether they are 

obtained by analyzing the electrical activity of the heart (ECG) or by analyzing blood flow 

(using a PPG-type sensor).25 Also, obtaining a high signal-to-noise ratio when using 

commercial unobtrusive sensors in noncontrolled laboratory conditions is challenged by 

several potential sources of artifacts due to environmental features (eg, ambient temperature) 

and other factors (eg, sensor shift) that often cannot be monitored (see Table 1).

To date it is still unclear what advancements can be made using peripheral information to 

classify EEG-based sleep/wake and sleep staging. Improvements in hardware solutions, 

sensors integration, and signal processing techniques and more collaboration between 

academia and industry are among the crucial requirements for further advancing the field.

The types of information that CSTs can collect are continuously increasing. For instance, 

impressive technological advancements have been made in the field of electrochemical 

sensors able to detect metabolites, electrolytes, and hormones (eg, catecholamines, 

antioxidants, and cortisol) from sweat, tears, saliva, and skin interstitial fluid.115 Moreover, 

other environmental features indexing or influencing sleep patterns and their physiology, 

such as ambient temperature, humidity, and noise, also are monitored by some devices.116 
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CSTs, including microphones for ambient noise measurement, also may be used to assess 

sleep-related behaviors, such as snoring.18 A useful feature included in some CSTs is the 

event marker button, which allows a user to highlight the presence of the stimulus of interest 

directly within the recording (eg, event markers have been used extensively in actigraphy 

literature to mark lights-off and lights-on times).117 Finally, promising developments in data 

processing (including real-time computation) in all these signals are possible due to the 

increasing implementation of machine learning techniques, such as random decision forests 

(see Jeng and colleagues118).

ACCURACY OF CONSUMER SLEEP TECHNOLOGIES FOR MEASURING 

SLEEP AND SLEEP-RELATED OUTCOMES: THE IMPORTANCE OF BIASES 

IN THE CONTEXT OF BIG DATA

There are a growing but limited number of studies testing the accuracy of CSTs against 

gold-standard PSG, and these studies used different CST devices (different brands and 

models), in a variety of different samples (healthy and clinical) and under different 

conditions (see de Zambotti and colleagues11 for a detailed review of performance and 

limitations of sleep-tracking CSTs). These validation studies are performed on post-

processed CSTs outcomes; the accuracy of CSTs direct sensor readings is still largely 

unknown. Overall, CSTs compared with PSG perform better in detecting sleep (higher 

sensitivity) than wake (relatively lower specificity), with a general tendency to overestimate 

PSG total sleep time (TST) and underestimate PSG wake time at night. This limitation is in 

line with the performance of standard actigraphy. The performance of CSTs was not 

dissimilar from the performance of research/clinical-grade actigraphy in studies in which 

individuals simultaneously wore CSTs and standard actigraphy and their performance was 

tested against PSG (see de Zambotti and colleagues11). This pattern may change with the 

new generation of multisensory CSTs, in which the use of sleep-tracking algorithms based 

on multifeatures is in the early stages and may still have room for improvement.

Evidence indicates that CST devices used with different settings (eg, sensitive mode) than 

normal had the poorest performance. Moreover, few CST devices have been tested against 

PSG for accuracy in estimating sleep stages (light, deep, and REM sleep), with the poorest 

performance for deep sleep (PSG N3) classification. Distinguishing N3 sleep from N2 sleep 

even from PSG using AASM rules is challenging: N3 is discriminated from N2 by the visual 

recognition of a greater presence of slow wave sleep (>20% of the epoch). Possibly, with 

future advances in knowledge of precise rhythmic changes in peripheral signals, such as 

HRV linked with sleep stages and/or specific sleep events like slow waves,9 there may be 

improvements in CSTs’ detection of sleep stages.

Less evidence is currently available for the performance of CSTs in measuring sleep-related 

physiology. By evaluating a CST wristband, de Zambotti and colleagues previously found 

that the device underestimated overnight ECG-derived HR by 0.88 beats per minute (bpm), 

an error that was very small and constant across hours of the night.119 When testing a similar 

CST device model in adults,120 no differences were found between CST-derived HR and 
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ECG-derived HR (0.09 bpm mean difference), although greater levels of error were found in 

those participants in the lower (<50 bpm) or higher (>80 bpm) ranges of HR.

The access to physiologic metrics on a high temporal resolution (eg, beat-to-beat HR) from 

CSTs is limited or not available. Thus, the performance of CSTs in measuring sleep-related 

physiology like sleep HRV is unknown. There are also other potential limitations in CSTs 

performance, including poor detection of daytime naps, unclear reliability over time, and 

potential for device failures, as reviewed elsewhere by de Zambotti and colleagues.11

Most validation studies are done in the laboratory (using single-night PSG device 

comparison in convenient samples), which is not the expected setting for using CSTs. Given 

the impracticality of running at-home PSG validation studies, new paradigms for at-home 

validation need to be explored. Comparisons between CSTs with standard actigraphy or 

sleep diaries may provide some insight in the CSTs performance but are questionable as a 

means of determining CSTs’ core validity. Currently, sleep outcomes measured via PSG 

according to the AASM guidelines121 should be considered as the only ground truth. A 

multidisciplinary effort is needed to face this critical barrier.

There is a rapid adoption of CSTs without proper consideration of the implications. Several 

factors can affect device accuracy, which is particularly critical when using multisensory 

CSTs. Although alterations to the pattern of motion are responsible for PSG device 

discrepancies in motion-only–based devices, alterations to 1 or multiple features (eg, motion 

and autonomic features) used to score wake, sleep, and sleep stages potentially can affect 

performance in multisensory devices and can have a profound effect on data outcomes. 

Table 2 shows some of the potential factors affecting CSTs’ accuracy. Factors highlighted in 

Table 2 may not be directly responsible for the inaccuracy of CSTs but may reflect other 

hidden factors (eg, greater device inaccuracy as a function of developmental age may reflect 

a change in the pattern of motion with age or an age-dependent change in the relation 

between electrocortical activity and autonomic functioning during the night). It also is 

important to consider that factors implicated in PSG device inaccuracy may vary in different 

CST devices models and samples (eg, children vs adults).

Fig. 1 highlights the potential issue of nonconstant biases (different level of error) over time. 

It is critical to raise awareness that individuals’ day-to-day variations in true sleep may be 

misrepresented by CSTs. It cannot be assumed that the performance of CSTs is always valid 

and that the same level of accuracy is achieved every day, because conditions vary (eg, 

sleeping with a bed partner and having a variable amount of wake time) and between 

different people. In the figure, the hypothetical TRUE pattern of sleep in red and the 

hypothetical wearable pattern in gray have different levels of concordance at different times. 

The source of inaccuracy could be due to myriad different factors, as described previously, 

and also could include changes in behavior or condition (eg, caffeine or alcohol 

consumption, physical exercise, fever, and menstrual cycle phase). These factors may alter 

not only individual physiology but also the output measures of sleep and other variables 

CSTs use to score sleep, potentially having an impact on the bias of the device.
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In summary, although CSTs hold a lot of promise, there is still a need to further understand 

their limitations, particularly given the growing use of CSTs in the field, with limited 

experimental control and generating overwhelming big data sets. These data give incredible 

power for analyses but high complexity in study outcomes interpretation not only for healthy 

sleepers but also when using CSTs to track or evaluate a clinical disorder or influence 

treatment decisions. Understanding the level of accuracy (and of the bias) of a specific CST 

is particularly critical when considering its potential use in precision medicine and 

integration in the health care Internet of Things.

POTENTIAL USE OF CONSUMER SLEEP TECHNOLOGIES IN THE 

CONTEXT OF DISEASE RECOGNITION AND INTERVENTION AND IN 

GATHERING INSIGHT INTO THE RELATIONSHIPS BETWEEN SLEEP, 

HEALTH, AND PERFORMANCE

The previous sections discuss the sensors used by CSTs, their limitations, and factors that 

could affect their performance. Next, the potential of CSTs for use in a wide range of 

applications is discussed. Although the limitations need to be kept in mind, CSTs hold 

promise for the continuous passive monitoring of sleep and related physiology, an important 

step in advancing biomedical research and personalized health.139 CSTs integrated with 

ecological momentary assessments (EMAs) (see Bertz and colleagues,140 Colombo and 

colleagues,141 Seppala and colleagues,142 and Shiffman and colleagues143), powered by the 

widespread use of electronic diaries and self-report data collection via mobile technology, 

allow the study of sleep in relation to a wide range of life factors (eg, physical activity, 

alcohol consumption, and stress) implicated in sleep health and performance in daily life. 

The main advantage is the combination of objective and subjective data (multimethod) in 

real life (ecologically valid), contextualized in time (avoiding recall biases), and over 

prolonged periods (longitudinal). Also, toward the push for precision medicine, data-driven 

approaches to digital phenotyping of specific individuals’ health profiles (see Jain and 

colleagues144) could be a reality and lead to enhancement in early detection and 

management of diseases. Following that, there is a need for different analytical methods and 

computational skills to deal with the growing amount, variety, and complexity of 

longitudinal, integrated data sets.

Mobile technology also can be viewed as a tool for implementing intervention, as in the case 

of cognitive behavioral therapy (CBT) for insomnia (discussed later). In addition, 

smartphones offer a direct way to communicate with participants (eg, by sending 

notifications or messages to ensure adherence and protocol compliance) and also could be 

considered as wearable devices. Smartphones are constantly carried by the users and are 

capable of providing additional sensory outputs, such as global positioning system 

geolocation, as well as collecting additional data, such as app usage (eg, social media), call 

and text message logs (eg, time and duration), and screen usage. Smartphones also have 

integrated internal sensory capability to quantify relevant metrics among those described in 

Table 1 (eg, phone camera can be used to track pulse waveform from an individual’s finger 

and to calculate HRV metrics; snoring episodes can be detected through the microphone).
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The next section highlights some of the sleeprelevant areas in which CSTs currently are 

used. Study outcomes need to be interpreted cautiously when considering that CSTs 

outcomes may be affected by myriad unpredictable factors having an impact on their 

accuracy (discussed see Table 2, for example). Privacy, security vulnerabilities, and ethical 

questions also need to be considered.

Health

Sleep is implicated in the regulation of many biological processes, including autonomic, 

metabolic, immune, and cardiovascular (CV) functioning.1–6 Wearables, implantable 

devices, and other type of electronics, including CSTs, are of growing interest for CV 

monitoring (see Hong and colleagues145). The simultaneous continuous collection of sleep 

(eg, sleep duration146), cardiac physiology (eg, resting HR147), and integrated data and 

factors implicated in CV health may lead to better recognition and management of CV 

disease (CVD) conditions, albeit with the challenge of translating complex big data sets into 

useful clinical information.

For example, recent results (preprint) from Teo and colleagues148 showed significant 

relationships between CST-derived sleep outputs (TST and sleep efficiency [SE]) and several 

markers of CVD (body mass index [BMI], total cholesterol, resting HR, waist 

circumference, waist-to-height ratio, and high-density lipoprotein) as well as sample 

demographics (age, gender, ethnicity, and socioeconomic and lifestyle factors). These 

relationships were absent when using subjective instead of CST-derived sleep outcomes. 

Other studies linked CST-derived sleep measures with BMI in adults149,150 and obesity in 

adolescence.151

The use of wearable technology–based analytical platforms is increasing. For example, 

Cardiogram (Cardiogram, Inc., San Francisco, CA, USA) applies artificial intelligence (AI) 

algorithms to data obtained from commercial devices (eg, Apple Watch, Wear OS, Garmin, 

and Fitbit devices). Initial data collected in collaboration with the University of California, 

San Francisco (see Health eHeart Study: http://www.health-eheartstudy.org), showed the 

potential of this approach to screen for several conditions (high cholesterol, diabetes, 

hypertension, sleep apnea, and atrial fibrillation) associated with elevated CV risk.152,153 

Any effort allowing large-scale affordable early detection of CV risk profiles could be 

translated in more effective treatments and reductions in the socioeconomic impact of 

CVDs.

AI (machine learning) applied to CST data (HR cosinor analysis outputs, sleep measures, 

and activity data) also have been promising in predicting mood state and mood-related 

episodes (depressive episode, manic episode, hypomanic episode, or no episode), as assessed 

via self-reported electronic assessments in patients with major depressive and bipolar 

disorders.154 These results using continuous passive wearable data collection potentially can 

expand the capability of previously explored mood prediction models based on mobile built-

in sensors. Trained AI algorithms and large data sets available in public repositories may be 

useful tools to advance the use of AI in precision medicine.
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The use of CSTs outcomes has shown to be promising in several other areas of health 

monitoring and health care, linking CST-derived sleep measures and related physiologic data 

with a broad range of health outcomes, including self-reported pediatric asthma impact in 

adolescent patients with asthma,155 patient-reported outcomes in adult patients with 

diabetes,156 and health outcomes in astronauts in an 8-month simulated Mars mission.157 

These results should be viewed cautiously at this early stage of CSTs application, when the 

need to understand whether CSTs measure true sleep and under which circumstances CSTs 

measure biases (errors) challenge the validity and interpretation of study outcomes.

Sleep Disorders

In 2003 (and in the 2007 update36), the AASM included the use of actigraphy in sleep 

medicine practice, such as in the assessment of sleep patterns in patients with insomnia, to 

provide diagnosis of circadian rhythm disorders and to evaluate the outcome of sleep 

treatments. The same AASM article included several applications in which the use of 

actigraphy is not recommended, for instance in the diagnosis of sleep-disordered breathing 

(SDB) or of periodic limb movements. Regarding the use of CSTs, the AASM has clearly 

stated, “CSTs cannot be utilized for the diagnosis and/or treatment of sleep disorders at this 

time.”12 Nevertheless, some attempts to test CSTs accuracy in the evaluation of sleep 

disorders have been made. Although mixed results have been reported for insomnia 

disorders,122,158 studies focusing on central disorders of hypersomnolence127,128 or SDB 

generally showed that sleep trackers cannot detect, with sufficient accuracy, sleep patterns in 

these conditions.132,136,159,160 Moreover, as showed in a recent review,161 smartphone 

applications for obstructive sleep apnea (OSA) monitoring cannot fulfill the required 

standards for diagnosis, even in cases where multiple external sensors (eg, sound, position, 

and oxygen saturation) are combined.

Although CSTs limitations are clearly emphasized in the published guidelines, the 

diagnostic accuracy of these devices is continuously improving. For instance, in a recent 

article, Camci and colleagues162 developed a prescreening tool to detect respiratory issues 

during sleep by combining a smartwatch (Gear S3 [Samsung Electronics Co., Ltd., Suwonsi, 

Korea]) with a microphone app (the Smart Voice Recorder [Smartmob, LLC., Seattle, WA, 

USA]). Other studies have developed systems to predict apnea events within 1 minute to 3 

minutes prior to the event using a wearable multisensory suite, which collects ECG, 

respiration, heart sounds, and oxygen saturation data.163 They were able to correctly 

discriminate 16 out of 17 participants as OSA patients or healthy sleepers. The combination 

of sleep tracker and smartphone apps also has been tested, with mixed results, as a screening 

tool for insomnia, to provide Internet-based CBT (iCBT)158,164–166 or to assess the effect of 

interventions on sleep patterns.167,168 Although studies have not yet validated any sleep 

trackers for circadian rhythm disorder, a recent article described the social jet lag and 

chronotype in approximately 50,000 individuals wearing a smartwatch.169

In summary, although CSTs cannot currently be used for the diagnosis and/or treatment of 

sleep disorders,12 further technological improvements may, in the near future, allow their 

use as a supporting tool for assessing sleep conditions and facilitate online treatments.
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Academic Performance

Sleep plays a key role in cognitive functions, and it is consistently shown that its quantity 

and quality affect academic performance in students of different ages.170 College students 

typically have irregular sleep/wake patterns,171 which is a modifiable factor. In 1 

randomized-trial, Chu and colleagues172 propose a mobile sleep-management learning 

system based on self-regulated learning strategies to improve sleep quality in undergraduate 

students. The system is composed of a wearable device (no product name reported) 

connected to a smartphone app, which provides information, feedback, and tips about a 

participant’s sleep. Participants used the system for 2 weeks and showed self-reported sleep 

improvement. No academic performance or objective sleep data were reported. 

Notwithstanding the limitations of this study, a potential application of CSTs is to help 

students of different ages keep track of their sleep/wake patterns and to provide them 

feedback or iCBT treatment in order to improve their sleep and, eventually, their academic 

performance. Another potential application of wearable sensors is to predict academic 

performance in students. For example, Sano and colleagues173 collected self-reported and 

physiologic data (accelerometer, skin conductance, and skin temperature) in 66 college 

students using a combination of wearable sensors (Q Sensor [Affectiva, Boston, MA, USA]) 

and smartphone app. Using a machine learning approach, they were able to classify, with 

67% to 92% of accuracy (depending on how many features were included), students with 

high grade point average (GPA) or low GPA. A similar approach, but only based on a 

smartphone app, was developed by Dartmouth College to successfully predict cumulative 

GPA in college students.174

These studies show the potential of CSTs, alone or in combination with smartphone apps, to 

modify sleep/wake cycles or to predict academic performance in college students, and, 

therefore, could be used to plan individualized interventions. These applications, however, 

also have intrinsic privacy issues that need to be addressed carefully.

Sports Performance

Sleep plays a key role in sports performance. Several observations converge to support the 

idea that sleep loss and poor sleep quality impair sport performance, whereas good sleep 

quality seems to improve it.175 These observations seem particularly important for 

professional athletes, who often are traveling, playing at night, and participating in 

competition with tight schedules.176 Over the past few decades, several interventions have 

been proposed to deal with the constant circadian shift and reduced time and quality of sleep 

that athletes experience.177 In recent years, CSTs have been proposed as a tool to improve 

sleep in athletes, for example, by providing feedback about sleep.178 Little investigation has 

been carried out, however, to assess the reliability and the impact of CSTs on improving 

sleep and circadian rhythms in athletes (see Sargent and colleagues179). Differently, CSTs 

and other wearable sensors and mobile applications are used to manage athletes’ training 

loads based on the assessment of their physiologic parameters during sleep and immediately 

after awakening (eg, morning HRV has been found to discriminate overtraining states) (see 

Plews and colleagues180) and mobile applications are increasingly used by professional and 

amateur athletes to set their own training based on their HRV-derived fitness level and 

recovery (see Altini and colleagues181).
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Given the growing number of wearable devices used by the general population as well as 

elite athletes, there is a need for further studies to investigate the potential usefulness of 

CSTs as a tool to improve sleep and, consequently, sports performance in athletes.

Work Stress and Performance

Whereas poor sleep quality and sleep disturbances typically are considered consequences of 

work-related demands and psychosocial factors (for a review, see Linton and colleagues182), 

several multiwave and daily diary studies focused on the reciprocal relationship between 

sleep and work-related outcomes.183 For instance, higherthan-usual sleep quality and 

duration were associated with morning affect (in terms of higher positive activation and 

serenity and lower negative activation and fatigue) in a sample of 166 employees, controlling 

for gender, age, position, and trait affect.184 The recovery model proposed by Demerouti and 

colleagues185 identifies sleep quality as the main recovery activity that directly predicts the 

psychological and energetic states in the morning. In turn, the feeling of being physically 

and mentally recovered in the morning is positively related to work outcomes, such as daily 

task performance, personal initiative, and organizational citizenship behavior (see 

Binnewies186).

From a research-oriented perspective, the relationship between sleep and work-related 

outcomes has been investigated almost exclusively using self-report techniques. Thus, CSTs 

may offer the opportunity to replicate and integrate these findings using a multimethod 

approach (eg, CSTs combined with EMAs) more suitable to measure multifaceted 

phenomena, such as work stress and workplace performance.187,188 From a more practical 

point of view, the information collected by these types of sensors embedded in commercially 

available devices may be used by employers and safety managers to promote employees’ 

health and well-being and optimize the workforce productivity. For instance, some evidence 

suggests that smartwatch-derived sleep quality may predict so-called fitness to work (eg, 

psychomotor vigilance and drowsiness).189

Recently, a team of researchers at Dartmouth College has developed a classification system 

that uses information passively recorded by smartphones (eg, location and ambient light), 

wearable sensors (eg, HRV, physical activity, and sleep) and Bluetooth beacons (eg, time 

spent at work and number of breaks) to discriminate between lower performers and higher 

performers.190 The classifier has been trained and tested against a battery of job 

performance surveys administered 3 times per week on 554 employees over 2 months to 

8.25 months, showing an area under the receiver operating characteristic curve of 0.83. 

Importantly, several sleep features (eg, light/deep sleep duration and awakenings during 

sleep) showed different patterns in lower performers and higher performers.

Safety

Another potential application of CSTs is aimed at reducing sleepiness-related errors and 

injuries. A significant portion of errors made at work is linked (at least subjectively) to 

sleepiness, sleep problems, and poor sleep hygiene,191 with shift work and professional 

driving (see Folkard and colleagues192) among the occupations most exposed to safety risks 

associated with sleep problems.193 Sleep quality measured using wrist-worn actigraphs was 
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used by Mollicone and colleagues194 to compute a fatigue scale able to predict drivers’ 

performance and safety (ie, frequency of hardbraking events). A predicting model for driver 

alertness was proposed by focusing on the circadian variation of CST metrics (eg, HR and 

HRV).195,196 The use of wrist-worn wearable data also has been explored to potentially 

detect instances of distracted driving.197 Other attempts of using consumer wearable 

technology to detect drivingrelated vigilance levels have focused on the use of EEG and/or 

electrooculography types of signals (see Zheng and colleagues198). Overall, this is a 

promising area of investigation with CSTs, although their usefulness in improving driver 

safety requires further research.

SUMMARY

CSTs allow longitudinal and real-time monitoring of human physiology and behavior and 

environmental factors and can be considered an integrated part of the mobile health 

revolution. The use of CSTs in biomedical research is on the rise and shows great potential 

in providing new insight into the role of sleep in human functioning in health and disease. 

The multisensory capability of CSTs and their easy integration with EMAs and other digital 

technologies could lead to endless possibilities. However, the understanding of functioning, 

sensor capability, accuracy of CSTs outcomes, is still rudimentary. Also, privacy and ethical 

implications of CSTs require further attention. These issues need to be addressed in order to 

properly implement and use CSTs in biomedical research.

ACKNOWLEDGMENTS

The present work was carried out in the scope of the research program “Dipartimenti di Eccellenza” from MIUR 
(Italian Ministry of Education, University and Research) to the Department of General Psychology.

Funding: This study was supported by the National Institutes of Health (NIH) grants R01 HL139652 (M. de 
Zambotti), U01DA041022 (F.C. Baker), and AA021696 (F.C. Baker & I.M. Colrain). N. Cellini was supported by 
the University of Padova under the STARS Grants program. The content is solely the responsibility of the authors 
and does not necessarily represent the official views of the National Institutes of Health.

REFERENCES

1. Grandner MA. Sleep, health, and society. Sleep Med Clin 2017;12(1):1–22. [PubMed: 28159089] 

2. Besedovsky L, Lange T, Haack M. The sleepimmune crosstalk in health and disease. Physiol Rev 
2019;99(3):1325–80. [PubMed: 30920354] 

3. Irwin MR. Why sleep is important for health: a psychoneuroimmunology perspective. Annu Rev 
Psychol 2015;66:143–72. [PubMed: 25061767] 

4. Irwin MR, Opp MR. Sleep health: reciprocal regulation of sleep and innate immunity. 
Neuropsychopharmacology 2017;42(1):129–55. [PubMed: 27510422] 

5. Cappuccio FP, D’Elia L, Strazzullo P, et al. Quantity and quality of sleep and incidence of type 2 
diabetes: a systematic review and meta-analysis. Diabetes Care 2010;33(2):414–20. [PubMed: 
19910503] 

6. Trinder J, Waloszek J, Woods MJ, et al. Sleep and cardiovascular regulation. Pflugers Arch 2012; 
463(1):161–8. [PubMed: 22038322] 

7. Walker MP. The role of sleep in cognition and emotion. Ann N Y Acad Sci 2009;1156:168–97. 
[PubMed: 19338508] 

8. Kryger M, Roth T, Dement W. Principles and practice of sleep medicine. 5th edition. New York: 
Saunders Elsevier; 2010.

de Zambotti et al. Page 13

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



9. de Zambotti M, Trinder J, Silvani A, et al. Dynamic coupling between the central and autonomic 
nervous systems during sleep: a review. Neurosci Biobehav Rev 2018;90:84–103. [PubMed: 
29608990] 

10. Sadeh A The role and validity of actigraphy in sleep medicine: an update. Sleep Med Rev 2011; 
15(4):259–67. [PubMed: 21237680] 

11. de Zambotti M, Cellini N, Goldstone A, et al. Wearable sleep technology in clinical and research 
settings. Med Sci Sports Exerc 2019; 51(7):1538–57. [PubMed: 30789439] 

12. Khosla S, Deak MC, Gault D, et al. Consumer sleep technology: an American Academy of Sleep 
Medicine position statement. J Clin Sleep Med 2018; 14(5):877–80. [PubMed: 29734997] 

13. Depner CM, Cheng PC, Devine JK, et al. Wearable technologies for developing sleep and circadian 
biomarkers: a summary of workshop discussions. Sleep 2019. [Epub ahead of print].

14. Consumer Technology Association. Performance Criteria and Testing Protocols for Features in 
Sleep Tracking Consumer Technology Devices and Applications (ANSI/CTA/NSF-2052.3). R11 
Health & Fitness Technology Subcommittee. 2019.

15. Consumer Technology Association. Methodology of Measurements for Features in Sleep Tracking 
Consumer Technology Devices and Applications (ANSI/CTA/NSF-2052.2). R11 Health & Fitness 
Technology Subcommittee. 2017.

16. Consumer Technology Association. Definitions and Characteristics for Wearable Sleep Monitors 
(ANSI/CTA-NSF-2052.1). R11 Health & Fitness Technology Subcommittee. 2016.

17. Holter NJ. New method for heart studies. Science 1961;134(3486):1214–20. [PubMed: 13908591] 

18. Roebuck A, Monasterio V, Gederi E, et al. A review of signals used in sleep analysis. Physiol Meas 
2013;35(1):R1–57. [PubMed: 24346125] 

19. Matar G, Lina J-M, Carrier J, et al. Unobtrusive sleep monitoring using cardiac, breathing and 
movements activities: an exhaustive review. IEEE Access 2018;6:45129–52.

20. Willemen T, Van Deun D, Verhaert V, et al. An evaluation of cardiorespiratory and movement 
features with respect to sleep-stage classification. IEEE J Biomed Health Inform 2014;18(2): 661–
9. [PubMed: 24058031] 

21. Faust O, Razaghi H, Barika R, et al. A review of automated sleep stage scoring based on 
physiological signals for the new millennia. Comput Methods Programs Biomed 2019;176:81–91. 
[PubMed: 31200914] 

22. Herlan A, Ottenbacher J, Schneider J, et al. Electrodermal activity patterns in sleep stages and their 
utility for sleep versus wake classification. J Sleep Res 2019;28(2):e12694.

23. Danker-Hopfe H, Anderer P, Zeitlhofer J, et al. Interrater reliability for sleep scoring according to 
the Rechtschaffen & Kales and the new AASM standard. J Sleep Res 2009;18(1):74–84. [PubMed: 
19250176] 

24. Radha M, Fonseca P, Moreau A, et al. Sleep stage classification from heart-rate variability using 
long short-term memory neural networks. Sci Rep 2019;9:14149. [PubMed: 31578345] 

25. Schäfer A, Vagedes J. How accurate is pulse rate variability as an estimate of heart rate variability? 
A review on studies comparing photoplethysmographic technology with an electrocardiogram. Int 
J Cardiol 2013;166(1):15–29. [PubMed: 22809539] 

26. Caspersen CJ, Powell KE, Christenson GM. Physical activity, exercise, and physical fitness: 
definitions and distinctions for health-related research. Public Health Rep 1985;100(2):126–31. 
[PubMed: 3920711] 

27. Chen KY, Bassett DR Jr. The technology of accelerometry-based activity monitors: current and 
future. Med Sci Sports Exerc 2005;37(11 Suppl):S490–500. [PubMed: 16294112] 

28. Reilly JJ, Penpraze V, Hislop J, et al. Objective measurement of physical activity and sedentary 
behaviour: review with new data. Arch Dis Child 2008;93(7):614–9. [PubMed: 18305072] 

29. Slater JA, Botsis T, Walsh J, et al. Assessing sleep using hip and wrist actigraphy. Sleep Biol 
Rhythms 2015;13(2):172–80.

30. Martin JL, Hakim AD. Wrist actigraphy. Chest 2011; 139(6):1514–27. [PubMed: 21652563] 

31. Van Hees VT, Sabia S, Anderson KN, et al. A novel, open access method to assess sleep duration 
using a wrist-worn accelerometer. PLoS One 2015; 10(11):e0142533.

de Zambotti et al. Page 14

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



32. Sadeh A, Sharkey KM, Carskadon MA. Activitybased sleep-wake identification: an empirical test 
of methodological issues. Sleep 1994;17(3): 201–7. [PubMed: 7939118] 

33. Albinali F, Intille S, Haskell W, Rosenberger M. Using wearable activity type detection to improve 
physical activity energy expenditure estimation. In: proceedings from the Proceedings of the 12th 
ACM international conference on Ubiquitous computing. Copenhagen, 9 26–29, 2010.

34. Middelkoop HA, Van Hilten BJ, Kramer CG, et al. Actigraphically recorded motor activity and 
immobility across sleep cycles and stages in healthy male subjects. J Sleep Res 1993;2(1):28–33. 
[PubMed: 10607067] 

35. Tryon WW. Issues of validity in actigraphic sleep assessment. Sleep 2004;27(1):158–65. [PubMed: 
14998254] 

36. Morgenthaler T, Alessi C, Friedman L, 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. [PubMed: 
17520797] 

37. van Hees VT, Sabia S, Jones SE, et al. Estimating sleep parameters using an accelerometer without 
sleep diary. Sci Rep 2018;8(1):12975. [PubMed: 30154500] 

38. Buysse DJ, Cheng Y, Germain A, et al. Night-to-night sleep variability in older adults with and 
without chronic insomnia. Sleep Med 2010;11(1): 56–64. [PubMed: 19962939] 

39. Natale V, Plazzi G, Martoni M. Actigraphy in the assessment of insomnia: a quantitative approach. 
Sleep 2009;32(6):767–71. [PubMed: 19544753] 

40. Cacioppo J, Tassinary L, Berntson G. Handbook of psychophysiology 3rd edition. New York: 
Cambridge University Press; 2007.

41. Kligfield P, Gettes LS, Bailey JJ, et al. Recommendations for the standardization and interpretation 
of the electrocardiogram: part I: the electrocardiogram and its technology a scientific statement 
from the American Heart Association Electrocardiography and Arrhythmias Committee, Council 
on Clinical Cardiology; the American College of Cardiology Foundation; and the Heart Rhythm 
Society endorsed by the International Society for Computerized Electrocardiology. J Am Coll 
Cardiol 2007; 49(10):1109–27. [PubMed: 17349896] 

42. Parak J, Tarniceriu A, Renevey P, et al. Evaluation of the beat-to-beat detection accuracy of 
PulseOn wearable optical heart rate monitor. In: proceedings from the 2015 37th Annual 
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). 
Milan, 8 25–29, 2015.

43. Grossman P The LifeShirt: a multi-function ambulatory system monitoring health, disease, and 
medical intervention in the real world. Stud Health Technol Inform 2004;108:133–41. [PubMed: 
15718639] 

44. Laukkanen RM, Virtanen PK. Heart rate monitors: state of the art. J Sports Sci 1998;16(Suppl): 
S3–7. [PubMed: 22587712] 

45. Task Force of the European Society of Cardiology and the North American Society of Pacing and 
Electrophysiology. Heart rate variability: standards of measurement, physiological interpretation 
and clinical use. Task Force of the European Society of Cardiology and the North American 
Society of Pacing and Electrophysiology. Circulation 1996; 93(5):1043–65. [PubMed: 8598068] 

46. Benitez DS, Gaydecki P, Zaidi A, et al. A new QRS detection algorithm based on the Hilbert 
transform. In: Proceedings from the computers in cardiology 2000, vol. 27 2000 (Cat. 
00CH37163) Cambridge, 9 24–27.

47. Ruha A, Sallinen S, Nissila S. A real-time microprocessor QRS detector system with a 1-ms timing 
accuracy for the measurement of ambulatory HRV. IEEE Trans Biomed Eng 1997;44(3): 159–67. 
[PubMed: 9216129] 

48. Berntson GG, Quigley KS, Jang JF, et al. An approach to artifact identification: application to heart 
period data. Psychophysiology 1990;27(5): 586–98. [PubMed: 2274622] 

49. Kaufmann T, Sutterlin S, Schulz SM, et al. ARTii-FACT: a tool for heart rate artifact processing 
and heart rate variability analysis. Behav Res Methods 2011;43(4):1161–70. [PubMed: 21573720] 

50. Laborde S, Mosley E, Thayer JF. Heart rate variability and cardiac vagal tone in 
psychophysiological research - Recommendations for experiment planning, data analysis, and data 
reporting. Front Psychol 2017;8:213. [PubMed: 28265249] 

de Zambotti et al. Page 15

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



51. Fonseca P, Long X, Radha M, et al. Sleep stage classification with ECG and respiratory effort. 
Physiol Meas 2015;36(10):2027–40. [PubMed: 26289580] 

52. Photoplethysmography Allen J. and its application in clinical physiological measurement. Physiol 
Meas 2007;28(3):R1–39. [PubMed: 17322588] 

53. Elgendi M On the analysis of fingertip photoplethysmogram signals. Curr Cardiol Rev 2012;8(1): 
14–25. [PubMed: 22845812] 

54. Sun Y, Thakor N. Photoplethysmography revisited: from contact to noncontact, from point to 
imaging. IEEE Trans Biomed Eng 2016;63(3):463–77. [PubMed: 26390439] 

55. Van de Louw A, Cracco C, Cerf C, et al. Accuracy of pulse oximetry in the intensive care unit. 
Intensive Care Med 2001;27(10):1606–13. [PubMed: 11685301] 

56. Henriksen A, Mikalsen MH, Woldaregay AZ, et al. Using fitness trackers and smartwatches to 
measure physical activity in research: analysis of consumer wrist-worn wearables. J Med Internet 
Res 2018;20(3):e110. [PubMed: 29567635] 

57. Akar SA, Kara S, Latifoglu F, et al. Spectral analysis of photoplethysmographic signals: the 
importance of preprocessing. Biomed Signal Process Control 2013;8(1):16–22.

58. Spierer DK, Rosen Z, Litman LL, et al. Validation of photoplethysmography as a method to detect 
heart rate during rest and exercise. J Med Eng Technol 2015;39(5):264–71. [PubMed: 26112379] 

59. Maeda Y, Sekine M, Tamura T. Relationship between measurement site and motion artifacts in 
wearable reflected photoplethysmography. J Med Syst 2011;35(5):969–76. [PubMed: 20703691] 

60. Shin H Ambient temperature effect on pulse rate variability as an alternative to heart rate 
variability in young adult. J Clin Monit Comput 2016;30(6):939–48. [PubMed: 26511754] 

61. Beattie Z, Pantelopoulos A, Ghoreyshi A, et al. 0068 estimation of sleep stages using cardiac and 
accelerometer data from a wrist-worn device. Sleep 2017;40(suppl_1):A26.

62. Fonseca P, Weysen T, Goelema MS, et al. Validation of photoplethysmography-based sleep staging 
compared with polysomnography in healthy middle-aged adults. Sleep 2017;40(7).

63. Uçar MK, Bozkurt MR, Bilgin C, et al. Automatic sleep staging in obstructive sleep apnea patients 
using photoplethysmography, heart rate variability signal and machine learning techniques. Neural 
Comput Appl 2018;29(8):1–16.

64. Al-Khalidi FQ, Saatchi R, Burke D, et al. Respiration rate monitoring methods: a review. Pediatr 
Pulmonol 2011;46(6):523–9. [PubMed: 21560260] 

65. Wientjes CJ. Respiration in psychophysiology: methods and applications. Biol Psychol 1992; 
34(2–3):179–203. [PubMed: 1467393] 

66. Charlton PH, Bonnici T, Tarassenko L, et al. An assessment of algorithms to estimate respiratory 
rate from the electrocardiogram and photoplethysmogram. Physiol Meas 2016;37(4):610–26. 
[PubMed: 27027672] 

67. Meredith DJ, Clifton D, Charlton P, et al. Photoplethysmographic derivation of respiratory rate: a 
review of relevant physiology. J Med Eng Technol 2012;36(1):1–7. [PubMed: 22185462] 

68. Long X, Yang J, Weysen T, et al. Measuring dissimilarity between respiratory effort signals based 
on uniform scaling for sleep staging. Physiol Meas 2014;35(12):2529. [PubMed: 25407770] 

69. Netzer N, Eliasson AH, Netzer C, et al. Overnight pulse oximetry for sleep-disordered breathing in 
adults: a review. Chest 2001;120(2):625–33. [PubMed: 11502669] 

70. Lim CL, Byrne C, Lee JK. Human thermoregulation and measurement of body temperature in 
exercise and clinical settings. Ann Acad Med Singapore 2008;37(4):347–53. [PubMed: 18461221] 

71. Romanovsky AA. Thermoregulation: some concepts have changed. Functional architecture of the 
thermoregulatory system. Am J Physiol Regul Integr Comp Physiol 2007;292(1):R37–46. 
[PubMed: 17008453] 

72. Van Someren EJ. Mechanisms and functions of coupling between sleep and temperature rhythms. 
Prog Brain Res 2006;153:309–24. [PubMed: 16876583] 

73. Schey BM, Williams DY, Bucknall T. Skin temperature and core-peripheral temperature gradient as 
markers of hemodynamic status in critically ill patients: a review. Heart Lung 2010;39(1):27–40. 
[PubMed: 20109984] 

74. Podtaev S, Morozov M, Frick P. Wavelet-based correlations of skin temperature and blood flow 
oscillations. Cardiovasc Eng 2008;8(3):185–9. [PubMed: 18563565] 

de Zambotti et al. Page 16

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



75. Shusterman V, Anderson KP, Barnea O. Spontaneous skin temperature oscillations in normal 
human subjects. Am J Physiol 1997;273(3 Pt 2): R1173–81. [PubMed: 9321901] 

76. Stoker MR. Measuring temperature. Anaesth Intensive Care Med 2005;6(6):194–8.

77. van Marken Lichtenbelt WD, Daanen HA, Wouters L, et al. Evaluation of wireless determination 
of skin temperature using iButtons. Physiol Behav 2006;88(4–5):489–97. [PubMed: 16797616] 

78. Van Someren EJ. More than a marker: interaction between the circadian regulation of temperature 
and sleep, age-related changes, and treatment possibilities. Chronobiol Int 2000;17(3):313–54. 
[PubMed: 10841209] 

79. Keränen K, Mäkinen J-T, Korhonen P, et al. Infrared temperature sensor system for mobile devices. 
Sens Actuators A Phys 2010;158(1):161–7.

80. Choi JK, Miki K, Sagawa S, et al. Evaluation of mean skin temperature formulas by infrared 
thermography. Int J Biometeorol 1997;41(2):68–75. [PubMed: 9429341] 

81. Nielsen R, Nielsen B. Measurement of mean skin temperature of clothed persons in cool 
environments. Eur J Appl Physiol Occup Physiol 1984; 53(3):231–6. [PubMed: 6542857] 

82. Oliver SJ, Costa RJ, Laing SJ, et al. One night of sleep deprivation decreases treadmill endurance 
performance. Eur J Appl Physiol 2009;107(2): 155–61. [PubMed: 19543909] 

83. Kräuchi K, Cajochen C, Werth E, et al. Physiology: warm feet promote the rapid onset of sleep. 
Nature 1999;401(6748):36. [PubMed: 10485703] 

84. Sarabia JA, Rol MA, Mendiola P, et al. Circadian rhythm of wrist temperature in normal-living 
subjects A candidate of new index of the circadian system. Physiol Behav 2008;95(4):570–80. 
[PubMed: 18761026] 

85. Zhou SM, Hill RA, Morgan K, et al. Classification of accelerometer wear and non-wear events in 
seconds for monitoring free-living physical activity. BMJ Open 2015;5(5):e007447.

86. Boucsein W Electrodermal activity. Boston: Springer Science & Business Media; 2012.

87. Critchley HD. Electrodermal responses: what happens in the brain. Neuroscientist 2002;8(2):132–
42. [PubMed: 11954558] 

88. Fowles DC, Christie MJ, Edelberg R, et al. Committee report. Publication recommendations for 
electrodermal measurements. Psychophysiology 1981;18(3):232–9. [PubMed: 7291438] 

89. Nordbotten B, Tronstad C, Martinsen Ø, et al. Estimation of skin conductance at low frequencies 
using measurements at higher frequencies for EDA applications. Physiological measurement 2014; 
35(6):1011–8. [PubMed: 24844405] 

90. Freedman LW, Scerbo AS, Dawson ME, et al. The relationship of sweat gland count to 
electrodermal activity. Psychophysiology 1994;31(2):196–200. [PubMed: 8153256] 

91. Poh MZ, Loddenkemper T, Reinsberger C, et al. Convulsive seizure detection using a wrist-worn 
electrodermal activity and accelerometry biosensor. Epilepsia 2012;53(5):e93–7. [PubMed: 
22432935] 

92. Lee B-G, Chung W- Y. Wearable glove-type driver stress detection using a motion sensor. IEEE 
Trans Intell Transport Syst 2016;18(7):1835–44.

93. Kappeler-Setz C, Gravenhorst F, Schumm J, et al. Towards long term monitoring of electrodermal 
activity in daily life. Pers Ubiquitous Comput 2013; 17(2):261–71.

94. Bach DR. A head-to-head comparison of SCRalyze and Ledalab, two model-based methods for 
skin conductance analysis. Biol Psychol 2014;103: 63–8. [PubMed: 25148785] 

95. Benedek M, Kaernbach C. A continuous measure of phasic electrodermal activity. J Neurosci 
Methods 2010;190(1):80–91. [PubMed: 20451556] 

96. Boucsein W, Fowles DC, Grimnes S, et al. Publication recommendations for electrodermal 
measurements. Psychophysiology 2012;49(8): 1017–34. [PubMed: 22680988] 

97. van Dooren M, de Vries JJ, Janssen JH. Emotional sweating across the body: comparing 16 
different skin conductance measurement locations. Physiol Behav 2012;106(2):298–304. 
[PubMed: 22330325] 

98. Koumans AJ, Tursky B, Solomon P. Electrodermal levels and fluctuations during normal sleep. 
Psychophysiology 1968;5(3):300–6. [PubMed: 4302268] 

99. Sano A, Picard RW, Stickgold R. Quantitative analysis of wrist electrodermal activity during sleep. 
Int J Psychophysiol 2014;94(3):382–9. [PubMed: 25286449] 

de Zambotti et al. Page 17

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



100. Weise S, Ong J, Tesler NA, et al. Worried sleep: 24-h monitoring in high and low worriers. Biol 
Psychol 2013;94(1):61–70. [PubMed: 23643927] 

101. Onorati F, Regalia G, Caborni C, et al. Multicenter clinical assessment of improved wearable 
multimodal convulsive seizure detectors. Epilepsia 2017;58(11):1870–9. [PubMed: 28980315] 

102. de Zambotti M, Colrain IM, Javitz HS, et al. Magnitude of the impact of hot flashes on sleep in 
perimenopausal women. Fertil Steril 2014;102(6): 1708–15.e1. [PubMed: 25256933] 

103. Baker F, Forouzanfar M, Goldstone A, et al. Changes in heart rate and blood pressure across 
nocturnal hot flashes associated with or without arousal from sleep. Sleep 2019;42(11) 
[pii:zsz175].

104. Roenneberg T, Kuehnle T, Juda M, et al. Epidemiology of the human circadian clock. Sleep Med 
Rev 2007;11(6):429–38. [PubMed: 17936039] 

105. Reppert SM, Weaver DR. Coordination of circadian timing in mammals. Nature 2002;418(6901): 
935–41. [PubMed: 12198538] 

106. Faulkner SM, Bee PE, Meyer N, et al. Light therapies to improve sleep in intrinsic circadian 
rhythm sleep disorders and neuro-psychiatric illness: a systematic review and meta-analysis. 
Sleep Med Rev 2019;46:108–23. [PubMed: 31108433] 

107. Hunter CM, Figueiro MG. Measuring light at night and melatonin levels in shift workers: a 
review of the literature. Biol Res Nurs 2017;19(4):365–74. [PubMed: 28627309] 

108. Kozaki T, Koga S, Toda N, et al. Effects of short wavelength control in polychromatic light 
sources on nocturnal melatonin secretion. Neurosci Lett 2008;439(3):256–9. [PubMed: 
18534755] 

109. Rea MS, Figueiro MG, Bullough JD. Circadian photobiology: an emerging framework for 
lighting practice and research. Light Res Technol 2002; 34(3):177–87.

110. Miller D, Bierman A, Figueiro M, et al. Ecological measurements of light exposure, activity, and 
circadian disruption. Light Res Technol 2010; 42(3):271–84. [PubMed: 23504497] 

111. Landis EG, Yang V, Brown DM, et al. Dim light exposure and myopia in children. Invest 
Ophthalmol Vis Sci 2018;59(12):4804–11. [PubMed: 30347074] 

112. Kamisalic A, Fister I Jr, Turkanovic M, et al. Sensors and functionalities of non-invasive wrist-
wearable devices: a review. Sensors (Basel) 2018;18(6): 1714.

113. Borazio M, Van Laerhoven K. Combining wearable and environmental sensing into an 
unobtrusive tool for long-term sleep studies. In: Proceedings from the Proceedings of the 2nd 
ACM SIGHIT International Health Informatics Symposium. Miami, 1 28 - 30, 2012.

114. Rea MS, Bierman A, Figueiro MG, et al. A new approach to understanding the impact of 
circadian disruption on human health. J Circadian Rhythms 2008;6(1):7. [PubMed: 18510756] 

115. Bandodkar AJ, Wang J. Non-invasive wearable electrochemical sensors: a review. Trends 
Biotechnol 2014;32(7):363–71. [PubMed: 24853270] 

116. Peake JM, Kerr G, Sullivan JP. A critical review of consumer wearables, mobile applications, and 
equipment for providing biofeedback, monitoring stress, and sleep in physically active 
populations. Front Physiol 2018;9:743. [PubMed: 30002629] 

117. Fahrenberg J, Myrtek M, Pawlik K, et al. Ambulatory assessment–Monitoring behavior in daily 
life settings: a behavioral-scientific challenge for psychology. Eur J Psychol Assess 2007; 
23(4):206.

118. Jeng P, Wang L-C. Stream data analysis of body sensors for sleep posture monitoring: an 
automatic labelling approach. In: proceedings from the 2017 26th Wireless and Optical 
Communication Conference (WOCC) Newark, 4 7–8, 2017.

119. de Zambotti M, Baker F, Willoughby A, et al. Measures of sleep and cardiac functioning during 
sleep using a multi-sensory commercially-available wristband in adolescents. Physiol Behav 
2016;158: 143–9. [PubMed: 26969518] 

120. Haghayegh S, Khoshnevis S, Smolensky MH, et al. Accuracy of PurePulse 
photoplethysmography technology of Fitbit charge 2 for assessment of heart rate during sleep. 
Chronobiol Int 2019; 36(7):927–33. [PubMed: 30990098] 

121. Iber C, Ancoli-Israel S, Chesson A, et al. The AASM manual for the scoring of sleep and 
associated events: rules, terminology, and technical specification. 1st edition. Westchester (IL): 
American Academy of Sleep Medicine; 2007.

de Zambotti et al. Page 18

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



122. de Zambotti M, Claudatos S, Inkelis S, et al. Evaluation of a consumer fitness-tracking device to 
assess sleep in adults. Chronobiol Int 2015;32(7): 1024–8. [PubMed: 26158542] 

123. de Zambotti M, Goldstone A, Claudatos S, et al. A validation study of Fitbit charge 2 compared 
with polysomnography in adults. Chronobiol Int 2018;35(4):465–76. [PubMed: 29235907] 

124. Ameen M, Cheung L, Hauser T, et al. About the accuracy and problems of consumer devices in 
the assessment of sleep. Sensors (Basel) 2019; 19(19) [pii:E4160].

125. 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. J Affect Disord 
2017;217: 299–305. [PubMed: 28448949] 

126. Kahawage P, Jumabhoy R, Hamill K, et al. Validity, potential clinical utility, and comparison of 
consumer and research-grade activity trackers in insomnia disorder I: in-lab validation against 
polysomnography. J Sleep Res 2019. [Epub ahead of print].

127. Cook JD, Prairie ML, Plante DT. Ability of the multi-sensory jawbone UP3 to quantify and 
classify sleep in patients with suspected central disorders of hypersomnolence: a comparison 
against polysomnography and actigraphy. J Clin Sleep Med 2018;14(5):841–8. [PubMed: 
29734975] 

128. Cook JD, Eftekari SC, Dallmann E, et al. Ability of the Fitbit Alta HR to quantify and classify 
sleep in patients with suspected central disorders of hypersomnolence: a comparison against 
polysomnography. J Sleep Res 2019;28(4):e12789.

129. de Zambotti M, Rosas L, Colrain IM, et al. The sleep of the ring: comparison of the OURA sleep 
tracker against polysomnography. Behav Sleep Med 2017;21:1–15.

130. 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) 2016;16(5):646.

131. Meltzer LJ, Walsh CM, Peightal AA. Comparison of actigraphy immobility rules with 
polysomnographic sleep onset latency in children and adolescents. Sleep Breath 
2015;19(4):1415–23. [PubMed: 25687438] 

132. Toon E, Davey M, Hollis S, et al. Comparison of commercial wrist-based and smartphone 
accelerometers, actigraphy, and PSG in a clinical cohort of children and adolescents. J Clin Sleep 
Med 2015;12(3):343–50.

133. Pesonen AK, Kuula L. The validity of a new consumer-targeted wrist device in sleep 
measurement: an overnight comparison against polysomnography in children and adolescents. J 
Clin Sleep Med 2018;14(4):585–91. [PubMed: 29609722] 

134. de Zambotti M, Baker FC, Colrain IM. Validation of sleep-tracking technology compared with 
polysomnography in adolescents. Sleep 2015;38(9):1461–8. [PubMed: 26158896] 

135. Danzig R, Wang M, Shah A, et al. The wrist is not the brain: estimation of sleep by clinical and 
consumer wearable actigraphy devices is impacted by multiple patient- and device-specific 
factors. J Sleep Res 2019. [Epub ahead of print].

136. Meltzer LJ, Hiruma LS, Avis K, et al. Comparison of a commercial accelerometer with 
polysomnography and actigraphy in children and adolescents. Sleep 2015;38(8):1323–30. 
[PubMed: 26118555] 

137. Kang SG, Kang JM, Ko KP, et al. Validity of a commercial wearable sleep tracker in adult 
insomnia disorder patients and good sleepers. J Psychosom Res 2017;97:38–44. [PubMed: 
28606497] 

138. Maskevich S, Jumabhoy R, Dao PDM, et al. Pilot validation of ambulatory activity monitors for 
sleep measurement in huntington’s disease gene carriers. J Huntingtons Dis 2017;6(3):249–53. 
[PubMed: 28968241] 

139. Dunn J, Runge R, Snyder M. Wearables and the medical revolution. Per Med 2018;15(5):429–48. 
[PubMed: 30259801] 

140. Bertz JW, Epstein DH, Preston KL. Combining ecological momentary assessment with objective, 
ambulatory measures of behavior and physiology in substance-use research. Addict Behav 2018; 
83:5–17. [PubMed: 29174666] 

de Zambotti et al. Page 19

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



141. Colombo D, Fernandez-Alvarez J, Patane A, et al. Current state and future directions of 
technology-based ecological momentary assessment and intervention for major depressive 
disorder: a systematic review. J Clin Med 2019;8(4):465.

142. Seppala J, De Vita I, Jamsa T, et al. Mobile phone and wearable sensor-based mHealth 
approaches for psychiatric disorders and symptoms: systematic review. JMIR Ment Health 
2019;6(2):e9819. [PubMed: 30785404] 

143. Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu Rev Clin Psychol 
2008;4:1–32. [PubMed: 18509902] 

144. Jain SH, Powers BW, Hawkins JB, et al. The digital phenotype. Nat Biotechnol 2015;33(5):462–
3. [PubMed: 25965751] 

145. Hong YJ, Jeong H, Cho KW, et al. Wearable and implantable devices for cardiovascular 
healthcare: from monitoring to therapy based on flexible and stretchable electronics. Adv Funct 
Mater 2019; 29(19):1808247.

146. Nagai M, Hoshide S, Kario K. Sleep duration as a risk factor for cardiovascular disease-a review 
of the recent literature. Curr Cardiol Rev 2010;6(1): 54–61. [PubMed: 21286279] 

147. Cooney MT, Vartiainen E, Laatikainen T, et al. Elevated resting heart rate is an independent risk 
factor for cardiovascular disease in healthy men and women. Am Heart J 2010;159(4):612–9.e3. 
[PubMed: 20362720] 

148. Teo JX, Davila S, Yang C, et al. Digital phenotyping by consumer wearables identifies 
sleepassociated markers of cardiovascular disease risk and biological aging. Commun Biol 
2019;2:361. [PubMed: 31602410] 

149. McDonald L, Mehmud F, Ramagopalan SV. Sleep and BMI: do (Fitbit) bands aid? F1000Res 
2018; 7:511. [PubMed: 30271578] 

150. Xu X, Conomos MP, Manor O, et al. Habitual sleep duration and sleep duration variation are 
independently associated with body mass index. Int J Obes (Lond) 2018;42(4):794–800. 
[PubMed: 28895585] 

151. Turel O, Romashkin A, Morrison KM. Health outcomes of information system use lifestyles 
among adolescents: videogame addiction, sleep curtailment and cardio-metabolic deficiencies. 
PLoS One 2016;11(5):e0154764.

152. Ballinger B, Hsieh J, Singh A, et al. DeepHeart: semi-supervised sequence learning for 
cardiovascular risk prediction. In: Proceedings from the Thirty-Second AAAI Conference on 
Artificial Intelligence. New Orleans, 2 2–7, 2018.

153. Tison GH, Sanchez JM, Ballinger B, et al. Passive detection of atrial fibrillation using a 
commercially available smartwatch. JAMA Cardiol 2018;3(5): 409–16. [PubMed: 29562087] 

154. Cho C-H, Lee T, Kim M-G, et al. Mood prediction of patients with mood disorders by machine 
learning using passive digital phenotypes based on the circadian rhythm: prospective 
observational cohort study. J Med Internet Res 2019;21(4):e11029.

155. Bian J, Guo Y, Xie M, et al. Exploring the association between self-reported asthma impact and 
Fitbit-derived sleep quality and physical activity measures in adolescents. JMIR Mhealth Uhealth 
2017;5(7):e105. [PubMed: 28743679] 

156. Weatherall J, Paprocki Y, Meyer TM, et al. Sleep tracking and exercise in patients with type 2 
diabetes mellitus (step-D): pilot study to determine correlations between fitbit data and patient-
reported outcomes. JMIR Mhealth Uhealth 2018; 6(6):e131. [PubMed: 29871856] 

157. Dunn J, Huebner E, Liu S, et al. Using consumergrade wearables and novel measures of sleep and 
activity to analyze changes in behavioral health during an 8-month simulated Mars mission. 
Comput Ind 2017;92:32–42.

158. Kang SG, Kang JM, Cho SJ, et al. Cognitive behavioral therapy using a mobile application 
synchronizable with wearable devices for insomnia treatment: a pilot study. J Clin Sleep Med 
2017; 13(4):633–40. [PubMed: 28162145] 

159. Gruwez A, Bruyneel AV, Bruyneel M. The validity of two commercially-available sleep trackers 
and actigraphy for assessment of sleep parameters in obstructive sleep apnea patients. PLoS One 
2019;14(1):e0210569.

de Zambotti et al. Page 20

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



160. Moreno-Pino F, Porras-Segovia A, López-Esteban P, et al. Validation of Fitbit charge 2 and Fitbit 
Alta HR against polysomnography for assessing sleep in adults with obstructive sleep apnea. J 
Clin Sleep Med 2019;15(11):1645–53. [PubMed: 31739855] 

161. Rosa TD, Zitser J, Capasso R. Consumer technology for sleep-disordered breathing: a review of 
the landscape. Curr Otorhinolaryngol Rep 2019; 7(1):18–26.

162. Camci B, Ersoy C, Kaynak H. Abnormal respiratory event detection in sleep: a prescreening 
system with smart wearables. J Biomed Inform 2019;95: 103218.

163. Le TQ, Cheng C, Sangasoongsong A, et al. Wireless wearable multisensory suite and real-time 
prediction of obstructive sleep apnea episodes. IEEE J Transl Eng Health Med 2013;1:2700109.

164. Crowley O, Pugliese L, Kachnowski S. The impact of wearable device enabled health initiative on 
physical activity and sleep. Cureus 2016;8(10): e825. [PubMed: 27882272] 

165. Melton BF, Buman MP, Vogel RL, et al. Wearable devices to improve physical activity and sleep. 
J Black Stud 2016;47(6):610–25.

166. Luik AI, Machado PF, Espie CA. Delivering digital cognitive behavioral therapy for insomnia at 
scale: does using a wearable device to estimate sleep influence therapy? NPJ Digit Med 2018; 
1(1):3. [PubMed: 31304289] 

167. Dunican IC, Martin DT, Halson SL, et al. The effects of the removal of electronic devices for 48 
hours on sleep in elite judo athletes. J Strength Cond Res 2017;31(10):2832–9. [PubMed: 
28081034] 

168. Rondanelli M, Opizzi A, Monteferrario F, et al. The effect of melatonin, magnesium, and zinc on 
primary insomnia in long-term care facility residents in Italy: a double-blind, placebo-controlled 
clinical trial. J Am Geriatr Soc 2011;59(1):82–90. [PubMed: 21226679] 

169. Zhang Z, Cajochen C, Khatami R. Social jetlag and chronotypes in the Chinese population: 
analysis of data recorded by wearable devices. J Med Internet Res 2019;21(6):e13482.

170. Dewald JF, Meijer AM, Oort FJ, et al. The influence of sleep quality, sleep duration and 
sleepiness on school performance in children and adolescents: a meta-analytic review. Sleep Med 
Rev 2010; 14(3):179–89. [PubMed: 20093054] 

171. Phillips AJK, Clerx WM, O’Brien CS, et al. Irregular sleep/wake patterns are associated with 
poorer academic performance and delayed circadian and sleep/wake timing. Sci Rep 
2017;7(1):3216. [PubMed: 28607474] 

172. Chu HC, Liu YM, Kuo FR. A mobile sleep-management learning system for improving students’ 
sleeping habits by integrating a self-regulated learning strategy: randomized controlled trial. 
JMIR Mhealth Uhealth 2018;6(10):e11557.

173. Sano A, Phillips AJ, Amy ZY, et al. Recognizing academic performance, sleep quality, stress 
level, and mental health using personality traits, wearable sensors and mobile phones. In: 
Proceedings from the 2015 IEEE 12th International Conference on Wearable and Implantable 
Body Sensor Networks (BSN) Cambridge, 6 9–12, 2015.

174. Wang R, Chen F, Chen Z, et al. StudentLife: assessing mental health, academic performance and 
behavioral trends of college students using smartphones. In: Proceedings from the Proceedings of 
the 2014 ACM international joint conference on pervasive and ubiquitous computing Seattle, 9 
13–17, 2014.

175. Thun E, Bjorvatn B, Flo E, et al. Sleep, circadian rhythms, and athletic performance. Sleep Med 
Rev 2015;23:1–9. [PubMed: 25645125] 

176. Fullagar HH, Duffield R, Skorski S, et al. Sleep and recovery in team sport: current sleep-related 
issues facing professional team-sport athletes. Int J Sports Physiol Perform 2015;10(8):950–7. 
[PubMed: 25756787] 

177. Simpson NS, Gibbs EL, Matheson GO. Optimizing sleep to maximize performance: implications 
and recommendations for elite athletes. Scand J Med Sci Sports 2017;27(3):266–74. [PubMed: 
27367265] 

178. Halson SL, Peake JM, Sullivan JP. Wearable technology for athletes: information overload and 
pseudoscience? Int J Sports Physiol Perform 2016; 11(6):705–6. [PubMed: 27701967] 

179. Sargent C, Lastella M, Romyn G, et al. How well does a commercially available wearable device 
measure sleep in young athletes? Chronobiol Int 2018;35(6):754–8. [PubMed: 29750580] 

de Zambotti et al. Page 21

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



180. Plews DJ, Laursen PB, Stanley J, et al. Training adaptation and heart rate variability in elite 
endurance athletes: opening the door to effective monitoring. Sports Med 2013;43(9):773–81. 
[PubMed: 23852425] 

181. Altini M, Van Hoof C, Amft O. Relation between estimated cardiorespiratory fitness and running 
performance in free-living: an analysis of HRV4Training data. In: Proceedings from the 2017 
IEEE EMBS International Conference on Biomedical & Health Informatics (BHI) Orlando, 2 
16–19, 2017.

182. Linton SJ, Kecklund G, Franklin KA, et al. The effect of the work environment on future sleep 
disturbances: a systematic review. Sleep Med Rev 2015;23:10–9. [PubMed: 25645126] 

183. Törnroos M, Hakulinen C, Hintsanen M, et al. Reciprocal relationships between psychosocial 
work characteristics and sleep problems: a twowave study. Work Stress 2017;31(1):63–81.

184. Sonnentag S, Binnewies C, Mojza EJ. “Did you have a nice evening?” A day-level study on 
recovery experiences, sleep, and affect. J Appl Psychol 2008;93(3):674. [PubMed: 18457495] 

185. Demerouti E, Bakker A, Geurts S, et al. Daily recovery from work-related effort during non-work 
time In: Sonnentag S, Perrewe P, Ganster D, editors. Current Perspectives on Job-Stress Recovery 
(Research in Occupational Stress and Well Being, Vol. 7). Bingley: Emerald Group Publishing 
Limited; 2009 p. 85–123.

186. Binnewies C, Sonnentag S, Mojza EJ. Daily performance at work: feeling recovered in the 
morning as a predictor of day-level job performance. J Organ Behav 2009;30(1):67–93.

187. Kompier M Assessing the psychosocial work environment–”Subjective” versus “objective” 
measurement. Scand J Work Environ Health 2005;31(6): 405–8. [PubMed: 16425583] 

188. Semmer N, Grebner S, Elfering A. BEYOND SELF-REPORT: USING OBSERVATIONAL, 
PHYSIOLOGICAL, AND SITUATION-BASED MEASURES IN RESEARCH ON 
OCCUPATIONAL STRESS In: Perrewe P, Ganster D, editors. Emotional and Physiological 
Processes and Positive Intervention Strategies (Research in Occupational Stress and Well Being, 
Vol. 3). Bingley: Emerald Group Publishing Limited; 2003 p. 205–63.

189. Yassierli Y, Sari R, Muslim K. Evaluating smartwatch-based sleep quality indicators of fitness to 
work. Int J Tech 2017;8(2):329.

190. Mirjafari S, Masaba K, Grover T, et al. Differentiating higher and lower job performers in the 
workplace using mobile sensing. Proc ACM Interact Mob Wearable Ubiquitous Technol 
2019;3(2):37.

191. Ferguson SA, Appleton SL, Reynolds AC, et al. Making errors at work due to sleepiness or sleep 
problems is not confined to non-standard work hours: results of the 2016 Sleep Health 
Foundation national survey. Chronobiol Int 2019;36(6):758–69. [PubMed: 31017005] 

192. Folkard S, Lombardi DA, Tucker PT. Shiftwork: safety, sleepiness and sleep. Ind Health 2005; 
43(1):20–3. [PubMed: 15732299] 

193. Horne J, Reyner L. Sleep-related vehicle accidents: some guides for road safety policies. Transp 
Res Part F Traffic Psychol Behav 2001;4(1):63–74.

194. Mollicone D, Kan K, Mott C, et al. Predicting performance and safety based on driver fatigue. 
Accid Anal Prev 2019;126:142–5. [PubMed: 29622267] 

195. Al-Libawy H, Al-Ataby A, Al-Nuaimy W, et al. Estimation of driver alertness using low-cost 
wearable devices. In: Proceedings from the 2015 IEEE Jordan Conference on Applied Electrical 
Engineering and Computing Technologies (AEECT). Amman, 11 3–5, 2015.

196. Al-Libawy H, Al-Ataby A, Al-Nuaimy W, et al. HRV-based operator fatigue analysis and 
classification using wearable sensors. In: Proceedings from the 2016 13th International Multi-
Conference on Systems, Signals & Devices (SSD). Leipzig, 3 21–24, 2016.

197. Goel B, Dey AK, Bharti P, et al. Detecting distracted driving using a wrist-worn wearable. In: 
proceedings from the 2018 IEEE International Conference on Pervasive Computing and 
Communications Workshops (PerCom Workshops) Athens, 3 19–23, 2018.

198. Zheng W-L, Gao K, Li G, et al. Vigilance estimation using a wearable EOG device in real driving 
environment. IEEE Transactions on Intelligent Transportation Systems; 2019 p. 1–15.

de Zambotti et al. Page 22

Sleep Med Clin. Author manuscript; available in PMC 2021 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



KEY POINTS

• Consumer sleep technologies (CSTs) are largely unregulated. Understanding 

the rationale behind the technology, the challenges, and the limitations of 

CSTs is critical for an informed and proper adoption of these technologies in 

research and clinical applications.

• CSTs have a growing number of sensor capabilities, with multisensory 

devices having the potential of advancing the accuracy in sleep tracking and 

also enabling assessment of the functioning of other body systems, such as 

autonomic functioning.

• CSTs have the potential to advance understanding of sleep and its importance 

in health, disease, safety, and human performance.
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Fig. 1. 
Simulation of hypothetical sleep data for an individual over time. In the graph, the TRUE 

day-to-day variation in WASO, a main parameter of interest in sleep research, is provided in 

red. In gray, the hypothetical WASO obtained from CSTs is displayed by accounting for the 

randomly generated biases (distance between TRUE WASO and CST-derived WASO), in 

blue. The level of concordance between TRUE WASO and CSTs WASO changes over time.
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