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CONSUMERS

= A sufficiently good-quality CHT can
provide valuable sleep and health
information

» Focus on trends and patterns, not
individual 'scores’; Use scores to
motivate, not compete

* Sleep data is less reliable if sleep is
significantly delayed, very short or
fragmented

« Distinguish between
fundamental” and 'exploratory’
metrics

» Appreciate growing uses of CHT
as well as their limitations in
support of clinical diagnosis and
monitoring

» Stay in touch with evelving best
practices for usage

Michael WL Chee, Mathias Baumert, Hannah Scott, Nicola Cellini, Cathy Goldstein,
Kelly Baron, Syer.f Anas Imtiaz, Thomas Penzel, Clete Kushida

* Harness CHT to broaden, deepen
and diversify sleep norms and their
relationship to health and disease
* Work with manufacturers to
curate quality standards and a set
of unified measures for different
sleep health applications

= Implement commaon definitions of
fundamental sleep measures to allow
incorporation of sleep data into
health records

= Support industry-wide guality
standards for different applications

= Continue investing in sleep-themed
features
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Abstract

Wearable consumer health trackers (CHTs) are increasingly used for sleep monitoring, yet their utility
remains debated within the sleep community. To navigate these perspectives, we propose pragmatic,
actionable recommendations for users, clinicians, researchers, and manufacturers to support CHT
usage and development. We provide an overview of the evolution of multi-sensor CHTSs, detailing
common sensors and sleep-relevant metrics. We advocate for standardized ‘fundamental sleep
measures’ across manufacturers, distinguishing these from proprietary exploratory metrics with future
potential. We outline best practices for using CHT-derived sleep data in healthy individuals while
addressing current device limitations. Additionally, we explore their role in evaluating and managing
individuals at risk for or diagnosed with insomnia, sleep apnea, or circadian rhythm sleep-wake
disorders. Guidance is provided on device selection to align with their intended use and on conducting
and interpreting performance evaluation studies. Collaboration with manufacturers is needed to
balance feature comprehensiveness with clinical utility and usability. Finally, we examine challenges
integrating heterogeneous sleep data into clinical health records and discuss medical device
certification for specific wearable CHT features. By addressing these issues, our recommendations aim
to inform the usage of CHTs in the global community and to begin bridging the gap between consumer
technology and clinical application, maximizing the potential of CHTs to enhance both personal and
community sleep health.



Abbreviations

AASM American Academy of Sleep Medicine

AHI Apnea-Hypopnea Index

ANSI American National Standards Institute

API Application Programming Interface

CBT-I Cognitive Behavioral Therapy for Insomnia
CE Conformité Européenne (European Conformity)
CHT Consumer Health Tracker

cl Confidence Interval

CRSWD Circadian Rhythm Sleep-Wake Disorder

CTA Consumer Technology Association

EBE Epoch-by-epoch analysis

EDA Electrodermal Activity

EHR Electronic Health Record

FDA Food and Drug Administration

FSM Fundamental Sleep Measure

HRV Heart Rate Variability

IS Interday Stability

LOA Limits of Agreement

MET Metabolic Equivalent of Task

NN Normal-to-Normal

NPMA National Medical Products Administration
NREM Non Rapid Eye Movement

NTC Negative Temperature Coefficient

NSF National Sleep Foundation

OSA Obstructive Sleep Apnea

PABAK Prevalence-Adjusted and Bias-Adjusted Kappa
PDMA Pharmaceuticals and Medical Devices Agency
PPG Photoplethysmography




PSG Polysomnography

psQl Pittsburgh Sleep Quality Index

REM Rapid Eye Movement

RMSSD Root Mean Square of Successive Differences
RHR Resting Heart Rate

RR Respiratory Rate

SaMD Software as a Medical Device

SDB Sleep Disordered Breathing

SDNN Standard Deviation of Normal-to-Normal
SHI Sleep Health Index

SL Sleep Latency

SAD Standardized Absolute Difference

sMAPE Symmetric Mean Absolute Percentage Error
SRI Sleep Regularity Index

SWS Slow Wave Sleep

TATS Time Attempting to Sleep

TGA Therapeutic Goods Administration

TST Total Sleep Time

UKCA United Kingdom Conformity Assessment
WASO Wake After Sleep Onset




1.0. INTRODUCTION
1.1 Brief history of consumer health trackers and underlying technology

Wearable consumer health trackers (CHTs) entered the consumer market around 2011, with Jawbone,
Fitbit, and Garmin being early pioneers. The first two included sleep tracking capabilities shortly after
launch and are thus most widely credited as the first consumer sleep trackers using motion and heart
rate signals for sleep detection. Despite its early success, Jawbone declared bankruptcy in 2017.
Undeterred, numerous new manufacturers have entered the industry, focusing on different market
segments. As many CHTs have incorporated sleep as a significant element of their health offerings,
sleep tracking has grown in popularity even though most CHTs are purchased for fitness tracking [1].

The development of small, inexpensive sensors to capture various physiological signals has fueled the
growth of the CHT market. Fitness and sleep tracking was initially based primarily on accelerometry, a
technology used since the early 1970s [2]. However, it was not until the late 1980s that sleep
researchers began to realize their potential [3, 4]. The pioneering work of Cole and Kripke for sleep
tracking in adults [5] and Sadeh in adolescents [6] brought us ‘actigraphy’ as we know it today. Their
legacy algorithms for sleep-wake discrimination remain influential even in today's machine learning
era [7, 8]. Single-axis piezoelectric accelerometers have since been replaced by miniaturized triaxial
sensors. The addition of rotational and gravitational effects measurement has resulted in up to ‘9-axis’
motion assessment. The resolution of these devices has also improved with time, enabling new
applications. For example, Apple’s Series 7 watch yielded raw accelerometry data that outperformed a
‘research grade’ actigraph [9] when analyzed to infer pulse rate during sleep.

Photoplethysmography (PPG) also had a long gestation period, arising from technical issues that were
solved in the early 1980s. This paved the way for pulse oximeters to become standard medical
equipment[10]. Miniaturized PPG sensors were incorporated into wearables in the 2010s, with
exercise heart rate being the primary application. PPG allows for continuous pulse rate monitoring,
although this is subject to limitations discussed later. Along similar lines, temperature and skin
conductance sensors have been added. Multisensor integration of physiological data has enabled
some ‘consumer devices’ to outperform far more expensive ‘research-grade’ actigraphy [11, 12].

The rapid technological development of CHTs is targeted towards fulfilling consumer needs and
manufacturer’s business objectives, which may differ from medical and research goals [13].
Additionally, industry’s capacity to develop and disseminate health-related applications at scale,
provide a sophisticated user experience, and offer cutting edge data management far exceeds the
capabilities of academics. These steady improvements will continue to benefit from a >10% annual
compounded growth in sales of health trackers [1].



Recommendation:

Sleep medicine practitioners and researchers should keep abreast of technological advances and
embrace the opportunities offered by consumer health trackers while remaining cognizant of their
limitations. Sleep professionals should leverage the public interest and curiosity about sleep that
these devices have engendered and contribute constructively to the growth of their clinical or research
utilization.

1.2 Motivations for the recommendations

Growing personal adoption of health trackers (in contrast to devices given to study participants or
patients for a short monitoring period) has tremendous potential to benefit human health and
wellbeing by affording a more granular and comprehensive characterization of sleep over time periods
longer than are practical with traditional actigraphy devices

Current recommendations regarding ‘adequate sleep duration’ [14, 15] are very heavily weighted on
findings obtained from questionnaires about ‘time in bed’ rather than time asleep. These
recommendations do not consider factors such as weekday-weekend sleep variations or sex,
vocational, cultural, and sociodemographic influences. Furthermore, most of the world’s scientific
publications about sleep originate from North America and Europe, representing only 15% of the
global population, limiting the generalizability of these recommendations [16]. Although awareness of
the multidimensional nature of sleep is acknowledged [17], norms for sleep regularity, efficiency, and
continuity across the lifespan and in different cultures remain to be established [18]. Health trackers
and their associated apps could potentially collect relevant data to provide demographic-tailored and
periodically updated recommendations.

Fueling growing adoption, novel methods for using physiological data obtained from health trackers
are emerging. For example, temperature tracking to predict a woman'’s fertile period [19-21] and early
detection of febrile illnesses [22] are by-products of incorporating temperature sensors into CHTSs.
Cardiovascular applications like the detection of atrial fibrillation [23], continuous blood pressure
measurement [24], and monitoring of arterial stiffness [25, 26] have similarly arisen.

Consumer enthusiast blogs, tech-device reviewers, and social media influencers guide public
perceptions about sleep and sleep measurement tools. These opinions are more widely disseminated
and may influence purchasing decisions and product development more than clinicians or sleep
scientists.

Collaboration with industry to establish standardized definitions for sleep-related variables and co-
create benchmarks for measurement accuracy for different applications and contexts (e.g. persons
with mostly normal nocturnal sleep, shift workers, persons with difficulty with sleep initiation or
maintenance, persons with sleep disorders) is crucial. Relationships between scientists, clinicians, and



industry are needed to encourage manufacturers to prioritize the development of improved sleep-

related applications, which will prompt the investment of necessary resources to accomplish this.

1.3 Purpose of the recommendations

Within the last seven years, several reviews and position papers [27-31] have addressed the promise

and pitfalls of using CHTs in clinical and/or research settings. They have provided guidance on
standardizing sleep measurements [32, 33] and their evaluation [34, 35]. The present

recommendations update and complement these documents, expanding on practical points akin to

the guide for actigraphy utilization for clinical and research purposes published over a decade ago [4].

In the present day, these recommendations aim to provide:

1.

A user-oriented guide to the technology and fundamental measures relevant to sleep.
Actionable! information for healthcare professionals, providing an approach for advising
their patients and/or clients.

Actionable information for end-users seeking to use these devices to understand their sleep
patterns and how their sleep compares with their peers, keeping in mind the current
limitations of CHT.

Preliminary guidance on how to use these trackers in individuals concerned about, at risk
of, or diagnosed with common sleep disorders.

For the near-term future, we seek to provide a roadmap for:

1.

Using standardized definitions for ‘fundamental sleep measurements’, delineating these
from ‘exploratory’ measurements that lack definitions, gold-standard correlates, or
normative data.

Harnessing, storing, and harmonizing wearable sleep health information for use by
healthcare professionals or trained sleep health advisors to improve sleep health.

To provide suggestions for manufacturers to:

1.

3.

Adopt a standardized lexicon for ‘fundamental sleep measures (FSM)’ that all trackers will
report, allowing for comparison of sleep parameters across different devices.
Differentiate FSM from exploratory sleep parameters and device features that do not yet
have clear physiological or clinical significance.

Collaborate with sleep professionals to co-create and adhere to a set of measurement
precision standards for FSM to enable generalizability across devices. Gold-standard
measurement methods (i.e., PSG for sleep) should be used as a reference.

1 advice, or recommendations that are clear, practical, and useful for taking specific actions.



2.0. SCOPE OF GUIDELINE

2.1. Audience: This document is primarily for knowledgeable end-users, healthcare professionals,
researchers, and developers or manufacturers interested in the present and future uses of health
trackers in sleep and allied health applications.

2.2. Focus on consumer wearables with health tracking: We focus only on electronic devices worn
on the body, such as a watch, wristband, ring, and armband, able to continuously monitor and
record health-related data as this is the most commonly purchased class of devices. While subject
to standard consumer electronic safety regulations, these devices are not typically classified as
medically regulated devices (though some manufacturers have obtained clearance for specific
software features like atrial fibrillation detection). CHT are typically used by individuals to gain
insights into their health and wellness, although they can also be integrated into broader health
management programs.

Sleep nearables are an emerging consumer device category but are not covered here given the
heterogeneity of sensor types and smaller representation in the marketplace and peer-reviewed
research.

2.3. Focus on usage by adults: This document will focus on CHT use by adults from 20-65 years of
age, the population with most empirical evidence to support the recommendations and the
demographic that most users come from [1].

3.0. OVERVIEW OF WEARABLE SENSORS AND SLEEP MEASURES
3.1 Wearable sensors: What they measure, why, and things to note

This section provides background information on how CHT embedded sensors relate to sleep
measurement. A comprehensive list of sensors [36], as well as additional technical details, such as
sampling rate, filtering, quality control, and integration, are important in determining the signal quality
and, thereafter, the inferences made. However, they are out of scope for this publication and are
discussed elsewhere [28, 29, 37, 38].

Each sensor collects raw data that typically is further processed within the device to intermediate
variables (Fig.1). Proprietary firmware, which is regularly updated, is responsible for this
transformation. Reduced data is transferred to a smartphone application and, in many cases, to a
cloud-based server where algorithms analyze multisensor data and output sleep, activity, and other
health-related parameters. The specifics of these steps differ across manufacturers.



The transformation of sensor data to sleep measures is executed primarily by proprietary machine
learning algorithms trained on data from nocturnal recordings of sleep in mostly healthy volunteers
[39, 40] or clinical convenience samples. Prior to classifying sleep stages, proprietary algorithms
attempt to determine sleep onset. As physiology or its mapping to sleep stages will differ according to
age, body habitus, and health condition (including sleep disorders), this transformation seems to
benefit from context-specific tuning. To date, models have also not been trained on naps and non-
nocturnal sleeping habits.

Practical Notes:

Sleep detection and staging using motion and autonomic signals requires the user to have relatively
normal limb mobility, perfusion, and autonomic function. The latter may be altered in persons with
sleep disorders [41, 42] or other medical conditions. Whenever these basic assumptions are violated,
or when there are extended periods of sitting or lying still when awake, these devices' outputs will be
less accurate.

Most users will rely on manufacturer-provided outputs. Researchers or enthusiasts with technical
expertise may want to access raw or minimally processed sensor data to perform specific analyses that
are unavailable by default [9, 43]. However, these types of analyses are not frequently pursued by
consumers or clinicians [44].

—Fig. 1 Around here
3.1.1 Accelerometry

Accelerometry is used to quantify body movement, which is reduced when we fall asleep [3, 4], further
reduced in deeper NREM sleep, and absent during REM in healthy persons. Therefore, an
accelerometer is a fundamental sensor for sleep detection. Most wearables use at least a single triaxial
sensor to measure movement in three axes (rotation is often added, with some using the term ‘6-
axis’). Accelerometry data is sampled many times a second, resulting in massive data volumes.
Acceleration data is then processed with proprietary algorithms to yield intermediate variables like
activity counts, steps, time spent at different intensities, and energy expenditure (e.g., calories or
metabolic equivalents, METS).

In many instances (even with ‘research grade instruments’), only these reduced variables, e.g. ‘activity
counts’ are provided for researcher use as ‘minimally processed data’.

The intermediate outputs (e.g. ‘activity counts’) of accelerometers can differ between manufacturers.
Such variation likely explains consumer reports of step count output differences between devices.



Accelerometer data is informative of many parameters beyond sleep/wake state that are relevant to
health. For example, body position and movement patterns of particular physical activities (walking,
swimming, etc.), movement timing and intensity, gait metrics (symmetry, stride length, balance), and
estimated energy expenditure. Recently, high-resolution accelerometry data has been used to infer
pulse rate and respiration that can be fed into sleep staging algorithms. Additionally, one
manufacturer has obtained FDA clearance to determine the risk of moderate to severe OSA using
accelerometry data alone [45].

Practical Notes:

There are two important challenges to generalizing sleep detection using motion alone: 1. People who
lie very still while awake. 2. Age (and other) differences in motion while sleeping.

A bed-partner potentially contributes to otherwise unexplained detected motion (and wakefulness).

Accessing ‘raw’ accelerometry data is often motivated by the desire to use existing open-source
algorithms to provide sleep assessments for specific contexts. For example, age (children move more
when asleep), sleep disorders, e.g. insomnia (patients may lie still while awake), obesity, etc. However,
as stated earlier, most users will only utilize data processed into understandable endpoints.

3.1.2 Photoplethysmography (PPG)

Heart rate (HR) slowing and increases in heart rate variability (HRV) accompany the onset of sleep and
shift during different stages of sleep. PPG sensors are ubiquitous in CHTs and allow for the
measurement of pulse rate (PR) and pulse rate variability (PRV) as a proxy for HR and HRV [46], which
contributes to sleep staging [39, 40].

PPG uses light reflection or transmission (or both) to capture changes in blood volume during systole
and diastole. The intervals between consecutive peaks in the PPG signal are used to measure pulse
rate and pulse rate variability to infer HR and HRV. PPG can be obtained at different wavelengths via
photodiodes. The wavelength affects skin penetration depth and interaction with hemoglobin. Green
and infrared (IR) light are used to infer HRV and respiration rate (RR), while red and IR light are used
for oxygen saturation measurement. The quality of PPG signals can vary significantly across devices
[47].

The PPG waveform is processed directly in the device’s firmware. Raw PPG signal is not typically
accessible to the user and may not even be stored on the device. Proprietary signal processing details
are very important for inference, for example, how movement and skipped heartbeats are handled.

Signals may be combined to counteract artifacts and for more sophisticated applications assessing the
PPG pulse waveform to estimate, e.g. arterial stiffness and blood pressure.

10



Sensors at the finger can achieve higher signal quality than at the wrist [48], although this comes at the
expense of dealing with more motion artifacts during wakefulness. HRV derived from PPG, combined
with movement data, are the signals most commonly used for inferring sleep stages. Algorithms are
based on differences in heart rate and breathing regularity between REM and NREM sleep but with
deep learning methods, the specifics of which parts of the signal are used are not transparent [49, 50].

Practical notes:

PPG signal is highly susceptible to artifacts (e.g., wrist/arm movements) and, typically, can only be
considered reliable under conditions of proper skin contact with no external change in pressure
applied to the tissue and limited or no movement (such as when one is asleep). This is especially
important for HRV analysis or applications using the pulse waveform [51]. Proper wear of the device
for sufficient time is essential for acquiring high-quality data.

HRV analysis requires a continuous (uninterrupted) high-quality data stream over several minutes. If
pulse rate data is missing or invalid, HRV measurement is compromised [51]. Quality metrics (invisible
to the consumer) are generated to detect and censor problematic signal segments to address this.

Importantly, signal processing cannot effectively recover poor-quality data associated with poor skin
contact.

PPG signals can be degraded if the user has a condition that affects peripheral arteries. Even in the
absence of disease, age, obesity/sarcopenia can affect the signal.

Skin tone can affect pulse oximetry. It is less clear how it affects other uses of the PPG signal [52].
Some manufacturers are actively working to address these issues.

3.1.3 Temperature

Distal skin temperature rises prior to sleep onset, followed by a drop in core body temperature, which
can be used to detect sleep onset [53]. Distal and core body temperature changes often move in
opposite directions. Thermoregulation is also less efficient during REM sleep than NREM sleep [54].
Distal skin temperature changes can thus assist with sleep onset detection and sleep staging.
Temperature monitoring has other uses, such as fertility cycle tracking [19-21] or early detection of
febrile infections.

Thermal sensing is most commonly based on thermistors, which register a reduction in resistance in
response to an increase in temperature.

11



Practical Note:

Wearables usually report the temperature as relative changes with respect to a person's baseline data.
Spurious readings not due to illness could result from sleeping in a new environment or an unusually
cold or warm night in the habitual sleeping environment or hand position relative to one’s body or
blanket.

3.1.4 Electrodermal activity (EDA) sensors

These sensors measure changes in skin conductance, e.g. due to sweat secretion [55], and are not
widely adopted presently. Sweating occurs to cool the core (thermoregulatory function) when one
enters deep sleep, ceases during REM, and is low during light sleep. A parallel set of changes in
fluctuation (frequency) of conductance (electrodermal activity; EDA) follows this pattern, with deep
sleep showing the highest frequency and REM the lowest [56, 57]. Although there is a correlation
between distal skin temperature change and EDA, several studies indicate that the two modalities
provide independent information.

3.2 Fundamental Sleep Measurements: Tips on Usage and Caveats

This section provides definitions of fundamental sleep-related measures used and notes related to
their measurement, as well as recommendations on using the data.

—- Fig. 2 Around here

3.2.1 Wearable vs. PSG measured sleep

Non-EEG wearables measure movement and autonomic signals that are modulated by sleep. They do
not measure electrical signals related to thalamocortical activity on which much of our current
knowledge about sleep is based.

However, the scale at which they can be deployed, their use over multiple nights in the field, and the
multimodal information they gather, which can be integrated (e.g. light, phone usage, sound, ambient
temperature, air quality), suggests that over time, they will yield rich information about sleep and the
sleeping environment. Outside of sleep, they already collect useful health measures (e.g. HRV, physical
activity), including those that can affect sleep.

Once a considerable knowledge base emerges, the characterization of sleep may shift to one based on
non-EEG physiological signals or a hybrid of EEG and non-EEG physiological signals. Insofar as these can
be synthesized to map to relevant health and wellbeing outcomes, a radical transformation of how we
envision ‘sleep measurement’ may take place.
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Recommendation

Manufacturers: Fundamental sleep measures (FSM, see later) should be demarcated from more
exploratory or proprietary measures. For professional users, manufacturers should provide
information warranting the precision of their measurement in the aforesaid FSM. Characteristics of the
dataset used to evaluate device performance in estimating FSM (i.e. the size of the test population,
and included age, sex, comorbidities) would also be useful to provide. Such information could readily
be posted and updated on the manufacturer’s website

3.2.2 Bedtime and waketime

Bedtime, or TIB start time, refers to the time a person goes to bed. In laboratory studies, this
designates when a person intends to initiate sleep and corresponds to the ‘lights off’ timing (Fig.2).

Waketime, or TIB end time, refers to the time a person gets out of bed in a laboratory study,
corresponding to the ‘lights on’ timing.

In real life, many people enter bed prior to the time they intend to sleep and then engage in activities
that involve minimal movement. Increasing the use of electronic devices in bed is one such activity.
ANSI/CTA/NSF-2052.1-A [33] has defined a variable: the Time an individual is Attempting to Sleep
(TATS Start Time), but this has not been used by manufacturers. Instead, ‘bedtime’ continues to be
used while ‘TATS Start Time' is implied. This is the most problematic aspect of sleep assessment in CHT
sleep assessment and has ripple effects on the determination of sleep latency, sleep efficiency and has
implications when using these devices in insomnia detection and treatment [58, 59].

A ‘Research actigraph’ usually comes with an event marker to signal an attempt to sleep. Researchers
and clinicians often have individuals keep a sleep diary along with actigraphy recording. Outside the
lab, accurate bedtime recording depends on the diligence and recall of participants who do not change
their minds about their original intention to sleep.

As many people wake up to an alarm, wake time determination is often less problematic than
determining bedtime/TATS Start Time. However, some individuals try to fall asleep after initial
awakening before finally getting out of bed. Others awaken, either lying still or quietly using e-devices
without moving significantly before finally increasing their activity and getting out of bed. This has led
to the suggestion to determine TATS End Time and to specify Total TATS duration as a replacement for
TIB to specify the total duration that an individual is in bed and is attempting to sleep, excluding time
in bed not intending to sleep.

Automated methods to infer the intention to sleep vary in performance across devices, and as such,
this measure is not currently standardized. Consumer devices often allow manual adjustment of
bedtime and waketime.

13



Recommendations:

Users should be aware of differences in the accuracy of bedtime detection across manufacturers. This
measure may be unreliable for persons with problems initiating sleep, who awaken earlier than
desired, or who remain in bed engaged in quiet activity prior to or after the intended sleep period.

Users and practitioners should note that measurement errors notwithstanding, trend information over
weeks could still help inform about sleep timing and encourage discussions on preferred vs. realized
sleep timing. This can address bedtime planning issues, avoiding bedtime procrastination, and sleep
hygiene.

Manufacturers should consider installing an indication system to improve the performance of this
parameter. This could include a mechanical button, a signal through the app, ambient light detection,
or sound detection. They should consider adding a journaling/tagging feature to enhance
documentation of nights with prolonged sleep latency or mornings where participants spend
significant time in bed post awakening.

3.2.3 Time in bed (TIB).

TIB is defined as the time between bedtime and waketime. It is affected by the same limitations as
their constituent measures, bedtime, and waketime (Fig.2).

Recommendations:

All: TIB should be only referred to and used when bedtime and wake-up time are self-reported or
manually signaled by the users. TIB should be distinguished from ‘sleep period’.

Where available, TIB information can inform about the gap between entering bed and intending to
sleep related to e-device use, for example.

Manufacturers: TATS Total Duration, should replace TIB eventually by combining multisensor data,
including using those on the phone to determine it as automatedly as possible.

3.2.4 Sleep period, Sleep onset time, Sleep offset time

Sleep period is the interval between the initial sleep onset and the last sleep-to-wake transition, as
determined by the device (Fig.2). Sleep onset time is the commencement of the first epoch of detected
sleep. Sleep offset time is the time of the end of the last epoch of detected sleep in the main sleep
period.

Sleep period is not equivalent to TIB. The latter is a self-report construct of the time period when sleep
is intended, which is difficult to ascertain automatically. As such, the sleep period is more likely to be
accurately determined.

14



Devices often require a minimum threshold of continuous sleep (often >3h) to designate a sleep bout.
As such, a person with multiple shorter but highly fragmented sleep separated by long (>~1hr) wake
periods may not have a meaningful TST value for that night’s sleep. Instead, the record might show
multiple sleep periods that night.

Recommendations:

All: For CHT, sleep period is preferred to TIB as a measure as it is objectively defined. Accordingly,
sleep onset and sleep offset time should be used in dashboards as these are devices that accurately
measure sleep.

Clinicians: Sleep midpoint is the time halfway between sleep onset and offset times. Appraisal of sleep
midpoint that includes days with and without external occupational, educational, and family
responsibilities can provide insight into chronotype, presence of social jet lag, and may suggest a
circadian rhythm sleep wake disorder in the context of symptoms.

Manufacturers should consider including ‘sleep period’ in device readouts.
3.2.5 Total sleep time (TST).
The sum of all epochs classified as sleep within a TIB or Sleep Period (Fig.2).

TST has the most consistently agreed upon definition, greatest ‘accuracy’, and least variation in
accuracy across different devices.

Devices often have a minimum threshold of continuous sleep (often >3h) to have this measure
recorded. Persons with long periods of wakefulness (~> 30-60 minutes) after sleep onset may have
records that do not summate all sleep times.

Recommendations:

Users should be aware that the accuracy of TST measurement is affected by the quality of the
manufacturer’s algorithm. They are most accurate for healthy working-age adults. State of physical
health, conditions that affect mobility, obesity, and age (either children or old adults) can affect TST
assessment.

Users should note that on nights with sleep lower than 80-85%, the accuracy of TST may be
compromised [12].

Users and clinicians encountering a night(s) with apparently no sleep should exclude non-wear or
incorrect wear and inspect the record for highly fragmented sleep.
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Manufacturers should work to improve the sleep measurement in shift workers/persons who have a
‘main sleep period’ broken up or to allow manual editing of sleep periods in such situations. Non-wear
and out of battery periods should be clearly labeled to avoid ambiguity.

3.2.6 Naps

These are periods of sleep outside the main (usually) nocturnal sleep period. Voluntary and involuntary
sleep episodes are important to distinguish.

Naps are increasingly being built in as features in wearables, but their consistent detection and
separation from periods of quiet wakefulness following physically active periods remain a technical
challenge, and further research is needed to improve these. In view of this, some manufacturers allow
users to edit sleep periods detected as naps.

Currently, the shortest known disclosed interval for nap detection ranges from 1 Minute (Garmin), 15
minutes (Oura) to 1 hour (Fitbit). This information is placed here for indicative purposes only and can
be accessed through the manufacturer’s webpages that are periodically updated.

Recommendations:

Users and clinicians: Nap detection varies in performance across devices [60]. Improvements in nap
detection (e.g. incorporation of ambient light and body position as additional channels) are needed
before this feature can be reliably used. Automated nap detection should be used in conjunction with
journaling/logging features where available to delineate voluntary and involuntary napping. These
cannot be automatically discerned.

Involuntary sleep during non-nocturnal or habitual periods can have negative health connotations [61],
making it essential to distinguish these from deliberate/planned naps.

Manufacturers should provide the option to manually enter/label naps.
3.2.7 Sleep latency (SL)

This is the interval from the subjectively reported time when a person starts trying to fall asleep to the
first epoch of sleep (sleep onset; Fig.2).

As this represents the combination of a subjective (TATS) and an objective measure, with the former
being estimated, SL is challenging to assess accurately.

Over multiple nights, combined with the user’s journaling or logging efforts, automated SL values may
be useful in assessing excessively long or short sleep latency.
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Recommendation:

All: Of the sleep variables listed here, SL is probably the one with the greatest difference between
more and less accurate devices. Only relative values should be used for assessing trends (see notes on
Bedtime assessment).

3.2.8 Wake after sleep onset (WASO)

We recommend defining this as the total wake time within the sleep period (Fig.2) which differs from
the way AASM currently defines WASO.

Note this definition excludes the time a person may be spending in bed after the last recorded sleep
but is trying to fall back to sleep but cannot. This time may be important to determine in persons with
insomnia, but it cannot be automatically distinguished from one where someone awakens and lies
relatively quietly in bed without the intention to sleep.

No PSG equivalent exists for ‘brief arousal/awakening’ from sleep. These contribute to an ‘awakening’
count, which could be a measure of sleep continuity, but no agreed upon norms exist.

The temporal correlation of WASO with PSG is dependent on how well periods of motionless wake are
detected, balanced against excessive sensitivity to motion which will result in lower estimation of
lower sleep time.

The optimal threshold for movement detection differs with age. Adolescents and children move more
during sleep, leading to underestimating sleep duration. Body movement and change in sleeping
position decline with age in relatively healthy people. In general, women move less than men, and
obese people might move more during sleep.

Recommendation:

All: Age-related differences in movement patterns lead to a tendency to overestimate WASO in young
and underestimate it in older adults. As older adults move less in general and the prevalence of
insomnia rises with age, the lack of sensitivity of CHT to periods of motionless wake must be
recognized, affecting the accuracy of sleep/wake detection in opposite directions in young and older
adults.

3.2.9 Sleep Efficiency (SE)

SE is the ratio of TST to the total time with an intention to sleep: SE = TST / (SL + WASO +TST).
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Recommendations:

Users and clinicians: The comparability of SE across devices depends on how accurately SL and WASO
are determined. As a guide, on nights with SE lower than 80-85%, the accuracy of sleep measures is
likely compromised (see above).

Users: Clinical advice should be sought if SE lower than 80-85% is persistent (e.g., >3 nights/week over
several weeks).

3.2.10 Time spent in ‘light’, ‘deep’, REM sleep.

‘Light sleep’ is usually equivalent to polysomnography (PSG) N1 + N2 sleep, while ‘deep sleep’ is the
proxy measure of PSG N3 sleep.

The ability of CHT derived sleep staging to approximate PSG is affected by signal quality and the data
transformation algorithm.

In many devices, only sleep/wake discrimination is provided when the PPG signal is lost due to poor
skin contact, excessive artifact from other reasons, or not acquired due to power conservation (low
battery).

Recommendations:

Users and clinicians: Specialists disagree about using these indicators to assess trends in research
settings. However, they are reasonably reliable in healthy participants at time intervals of several
weeks. However, caution should be exercised when interpreting these data for other use cases.

3.2.11 Sleep Regularity

There are several parametric and non-parametric methods to calculate the regularity of sleep and
wake, but three are most widely accepted:

(1) Standard deviation of the onset, offset, or midpoint of the main sleep period over a period (usually
one week); additionally, the standard deviation of sleep duration over a similar interval may be
computed.

(2) Interday stability is the normalized 24-hour value of a periodogram of movement with values from
0to 1 and 1 being perfect alignment across days:

_ t Zz:l(ﬁ - f)z

IS = —
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where t: the total number of data points, p: the total number of data points per day, xi: hourly means,
x: the mean of all data points, xi: is individual data point from the activity time series.
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(3) Sleep Regularity Index: the average likelihood (probability) of an individual being in the same state
(wake or sleep) at any two time points 24 hours apart:

N
SRI = NZ |Xt _XL'—24-| X 100
t=1

where X: is the binary sleep-wake state at time t (1 if asleep, 0 if awake); X:-24 is the binary sleep-wake
state 24 hours prior to t. N is the total number of hours considered for the calculation.

Recommendations:

Clinicians: As no broadly accepted ‘gold standard’ for these derived measures currently exists, no
guantitative clinical recommendation is made. Sleep regularity can be assessed over a week or a
month; robust estimations require more than the limited number of days used in some existing
studies[62].

Manufacturers should state what they measure if the data field ‘regularity’ is provided in their
dashboard. Even without a formal indicator of sleep regularity, an intuitive representation of this
construct may be obtained from viewing a series of bar graphs showing sleep timing over successive
nights over weeks.

3.2.12 Sleep satisfaction
Self-perception of the overall quality of the previous night’s sleep.

There is no standard for assessing sleep quality. Many researchers mix objective and subjective
measures. We recommend the use of ‘sleep satisfaction’ to denote the latter.

EEG measures of N3 and REM do not clearly map onto sleep satisfaction [63]. Although N3 is
associated with multiple neurocognitive benefits, waking up from N3 early in the night does not
correspond to feeling ‘rested’. In contrast, waking up from REM, which occurs more in the second half
of the night, has a higher probability of this result [64].

Recommendations:

Users and clinicians: Some manufacturers have already provided tagging/journaling. This feature
should be encouraged to facilitate the discovery of which personal behaviors and environmental
exposures result in better subjectively and objectively measured sleep.

Manufacturers: Because simply logging in to an app is necessary to synchronize data, providing an
option to tag / journal / log sleep satisfaction will be useful for long-term assessment of how a
combination of wearable-derived physiological data might inform this.
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3.2.13 Hypnogram.

This overview of sleep staging over the sleep period is commonly provided by wearables. It is most
often based on 30s resolution output derived from manufacturer-specific integration of multimodal
data (motion, HRV temperature#, circadian factorf, EDA%).

Fwhen used

This data forms the basis for epoch-by-epoch comparisons with PSG. The displayed data is typically at a
lower time resolution than obtainable from the device AP, i.e. it is significantly smoothed.

Recommendations:

Users and clinicians: Be aware that short or more frequent state transitions may be present, some
captured by the device but not displayed. This applies to wake periods during sleep as well. Short
napping periods during daytime are often not detected [60]. Percentages of sleep stages displayed
may also differ considerably from sleep stages recorded using PSG.

Manufacturers: Consider appending a ‘quality’ or ‘confidence in data quality’ metric to indicate to the
user/clinician the reliability of the sleep assessment on a given night. They should indicate the
temporal resolution of the data plotted and how much smoothing is applied in their displays (which
can differ between smartphone and API outputs).

3.2.14 Manufacturer ‘Sleep Score’
These are proprietary measures that provide an overall grading of a night of sleep in a single number.

This summary metric follows the motivation underlying the Pittsburgh Sleep Quality Index (PSQl) [65],
the Sleep Hygiene Index and other questionnaire-based, aggregate sleep metrics. These attempts to
reduce the multiple dimensions of sleep to a single summary measure.

While not known to be ‘scientifically validated’ at present, these non-standardized measures often use
the same variables: sleep timing, duration, continuity, and efficiency that clinicians and scientists
measure. Thus, conceptually, using a proprietary ‘sleep score’ is no different from widely used ‘sleep
quality indices’ such as the PSQI or Sleep Health Index [66], that seek to reduce the multidimensional
construct of sleep to a single measure. Large manufacturers could potentially better calibrate such
sleep scores with a user base of millions than what has been achieved with existing indices.

Recommendations:

Users and clinicians: While absolute scores may currently not be comparable across manufacturers
and represent a gross simplification of the multidimensional nature of sleep, they are more likely to
engage the user than a long list of sleep variables. If the constituent measurements listed above have
been properly evaluated with sufficient numbers of participants of age, sex distribution, and other
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characteristics that represent the target market, and if the output measures meet acceptable
standards, such measures should be considered useful for advising participants on score trends. Using
such trend data may get the user to reflect on what affects their scores and how to make positive
lifestyle changes.

All: This feature could be considerably strengthened if the calculation methods were transparent and
standardized across products. Long term health outcome data could be integrated into sleep score
interpretation, for instance, if consistently achieving a “sleep score” of 60 is linked to a higher risk of
developing hypertension or metabolic syndrome than a score of 70, manufacturers could create
disease risk models tailored to their devices. These models could then be evaluated and compared for
predictive accuracy. At a minimum, this approach could serve as a foundation for users and clinicians
to receive health advice independent of the specific device. While each manufacturer employs
proprietary sensors, algorithms, and outputs, the health outcomes these scores aim to predict are, or
can be, standardized (e.g. see AASM/SRS Discussion [67].)

3.2.15 Resting Heart Rate (RHR)

RHR is measured in the absence of physical activity. Historically it has been measured by palpation or
using ECG. PPG-based methods allow for convenient, continuous monitoring, including during sleep.
Technical considerations in PPG-based measurement of RHR and HRV were dealt with in an earlier
section.

Measuring RHR during sleep significantly reduces the likelihood of encountering movement artifacts
and standardizes posture. If the wearable is not worn during sleep, a motionless period during the day
is used to assess this variable.

RHR is a well-established indicator of overall cardiovascular health. In general, a high RHR at a single
time point predicts poorer cardiovascular health and higher mortality [68]. A change of 25 bpm in RHR
over 5 years is a significant marker of poorer cardiac outcomes [69]. However, substantial
interindividual variation exists, and it is recommended that trend data be evaluated since multiple
factors can affect baseline RHR.

Women have a higher RHR than men. Chronic effects include cardiovascular fitness, cardiac function,
obesity, smoking, diabetes mellitus, and medication intake. Medium-term (days) effects include
seasonality, menstrual cycle, and a temporary illness. Psychosocial stress and physical fatigue can
affect RHR at different time scales. Delayed bedtime [70] and alcohol intake [71] elevate HR;
medications that affect the heart, in particular beta-blockers or stimulants, can affect RHR. A variety of
non-cardiac illnesses can affect RHR, e.g. thyrotoxicosis.

In addition to day-to-day, week, and month-level changes in RHR, nocturnal temporal features can be
informative. A delayed nadir may indicate circadian misalignments, such as those caused by shift work,
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jet lag, or delayed sleep-wake phase disorder (DSWPD). Lack of a clear nadir may suggest poor sleep
guality, insomnia, or a condition that affects autonomic balance, such as sleep apnea.

Recommendations:

Users and clinicians: For reliable RHR measurement, the device has to be consistently appropriately
worn. RHR varies significantly across individuals, and the factors listed above that influence it within an
individual need to be considered for meaningful interpretation. Simplistically, changes of > 5 bpm from
day to day or over a week are not artifactual and merit attention.

Manufacturers: Specify whether RHR is measured when a person is asleep or during quiet wakefulness
outside the sleep period. They should indicate measurement fidelity in healthy persons over a defined
time interval to allow better between-device comparisons.

3.2.16 Heart rate variability (HRV)

HRV, in the case of wearable, refers to the variation of the interbeat interval measured over several
(typically 5 minute) intervals [48]. Broadly, a higher HRV is favorable, and a lower HRV is associated
with adverse health consequences. HRV varies greatly between individuals and is strongly age-
dependent. Many factors cloud the simple interpretation of single readings [72].

Various metrics with different interpretations exist to quantify HRV [73]. Wearables most commonly
report SDNN, the standard deviation of NN intervals (the time interval between successive quality
assured pulse wave peaks, excluding arrhythmias, ectopic beats or artifactual waves) or the root-
mean-square of (censored) beat-to-beat differences in interbeat intervals (RMSSD).

Longitudinal tracking of HRV has two broad uses: determination of optimal intensity of physical
training and cardiovascular risk assessment.

Recommendations:

Users and clinicians: nocturnal HRV measurements are preferred as they are less susceptible to
artifacts. For accurate measurements, the device has to be worn snugly to the skin and in a
manufacturer-recommended orientation.

Frequent gaps in HRV measurement during rest or sleep, once improper wear is excluded, can indicate
arrhythmia, frequent ectopics, and significant fluctuation of PPG amplitude (which has negative
cardiovascular connotations); see also below.

As with RHR, interindividual variation and many intrinsic and external factors can affect HRV
measurements. Trend analysis with personalized consideration of these values is necessary to
interpret them appropriately.
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Manufacturers:

State when data for HRV is collected (day, night, both), how HRV is calculated, and the time window
used for analysis. Minimally, they should provide a quality metric for the HRV measure for the day as
well as general accuracy metrics of their interbeat interval assessment algorithm using ECG as ground
truth.

Off-wrist detection is currently used to protect users from fraudulent commercial use of the wearable
for making purchases. This can be added to a log so that clinical / research users can determine wear
time for health tracking.

3.2.17 Respiratory Rate (RR)

RR refers to the number of breaths taken per minute. Traditionally, RR is measured manually or using
specialized clinical equipment, such as capnography or respiratory inductance plethysmography (RIP),
which tracks the movement of the chest and abdomen. Wearables typically derive RR by tracking the
PPG waveform amplitude modulation or the variations in heart rate during inhalation and exhalation.
Hence, the technical limitations of PPG measurement discussed earlier also apply here. Additionally,
some wearables employ accelerometry to capture subtle chest movements at the wrist although the
accuracy may vary depending on the body/hand position.

RR is a vital indicator of respiratory and overall health [74, 75]. Deviations from typical RR patterns can
signify respiratory illness, stress, or sleep disorders. While individual baseline RR varies, longitudinal
tracking provides valuable insights, such as identifying early signs of illness or assessing recovery trends
following an acute condition.

Recommendations:

Users and clinicians: As with HRV, nocturnal RR measurements are preferred, as movement artifacts
are less likely to affect them. The device should be worn snugly against the skin and positioned per the
manufacturer's guidelines to help improve accuracy. Consistent deviations in RR or frequent gaps in
data collection may indicate poor device fit, improper use, or potential health concerns such as
irregular breathing patterns, sleep-disordered breathing, or significant motion artifacts. Further
investigation is warranted in such cases.

Manufacturers: Specify how RR is calculated (e.g., from HRV via PPG, accelerometry, or a combination
of methods), the measurement time interval (e.g. using 30 s windows) and whether the data is
collected during sleep, daytime rest, or both. They should also offer users a signal quality indicator to
help identify periods of low data reliability and consider including trend analysis tools within wearable
interfaces to help monitor longitudinal changes in RR. Further, the measurement accuracy of RR
outside the normal range, i.e. clinically relevant situations, should be stated.
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3.2.18 Blood Oxygen Saturation

Blood oxygen saturation represents the percentage of hemoglobin in the blood saturated with oxygen.
In CHT, oxygen saturation from the periphery (as opposed to an artery, hence the term Sp02) is
estimated by analyzing the differential absorption of red and infrared light reflected into the PPG
sensor.

Sp02 is an important indicator of respiratory and cardiovascular health. Normal SpO2 levels typically
range from 95% to 100% at sea level. Persistent readings below 90% indicate hypoxemia. Short-term
fluctuations may result from positional changes, transient hypoventilation, or sensor artifacts. It is
important to note that SpO2 levels can be influenced by factors such as altitude [76], skin tone [77],
peripheral perfusion [78], and device placement. Persons with darker skin tones might have lower
blood oxygen saturation than indicated.

Recommendations:

Users and clinicians: For reliable SpO2 measurement, the device should be worn consistently, snugly,
and according to the manufacturer's guidelines. Measurements during sleep are preferred to reduce
motion artifacts. Significant deviations from baseline SpO2 levels, particularly persistent readings
below 90% or frequent nocturnal desaturation events, warrant medical evaluation. However, given
low sampling rate, normal values are not confirmatory for the absence of sleep disordered breathing.
Users should also be aware of environmental factors, such as high altitude when interpreting Sp02
values.

Manufacturers:

Specify how the measurement is performed (e.g., continuously throughout sleep or in intervals), and
the accuracy.

3.2.19 Breathing disturbance

CHTs often provide a qualitative or semi-quantitative assessment or numerical scores to assess
breathing disturbance during sleep, which may indicate the risk, presence, and severity of sleep apnea.
While quantitative breathing disturbance assessment via CHT may be potentially useful in the future,
current definitions and measurement principles for assessing breathing disturbance vary broadly, and
clinical validation is limited.

Recommendations:

Users and clinicians: If CHTs consistently detect frequent breathing disturbance and patients report
related symptoms a sleep apnea test is warranted (see section 4.5). A notification of high sleep apnea
risk from an FDA cleared application associated with a CHT warrants medical attention.
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Manufacturers: Clearly define the breathing disturbance metric and validate against clinically used

markers such as the AHI.

4.0. PRACTICAL RECOMMENDATIONS FOR USING SLEEP TRACKER DATA

4.1. Use in Healthy Adults

Healthy individuals, for the purpose of this section, are defined as persons with no known chronic health

conditions, including sleep disorders. The devices may be used by consumers to support long-term sleep

health monitoring for self-discovery, performance enhancement, or preventive health.

Recommendations for users and clinicians:

1.

Physicians and users should note that current US National Sleep Foundation guidelines [14]
about sleep duration are derived from a mixture of ‘time in bed’ and ‘total sleep time’ data,
often self-reported, with greater weightage placed on the former [15]. Systematic work on
adolescents with actigraphy indicates that objectively determined sleep duration is
substantially lower than questionnaire-assessed measures [79]. Arising from this, there
should be a ~5-20% discount in measured TST compared to these recommendations.

For other measures this panel deemed ‘fundamental,’ there is less clear guidance on what is
appropriate. This is an active area in which the systematic collection of good quality wearable
sleep tracker data can contribute to formulating. We provide a table for consideration that is
a placeholder for current thinking.

Physicians and users should be aware that these devices have mostly been trained on healthy
adult data [39, 40, 80], but see Olsen [81], within a limited age range. The measurement
fidelity as well as values of inferred sleep measurements, are affected by age, obesity,
physical and mental health, poor sleep, medications, and substance use.

Normative data on other sleep characteristics is not well-established but is evolving. For
example, we encourage people to maintain regular sleep patterns, but quantitative standards
are unavailable. Discussions on this topic are found elsewhere [18].

Enthusiastic users should be discouraged from using ‘sleep scores’ to compare with their or
others’ sleep.

For individuals where sleep tracking contributes to sleep anxiety (i.e., orthosomnia[82]),
consider taking a break from sleep tracking or discontinuing. Education about the validity and
use of sleep tracking metrics may reduce sleep tracking anxiety.

Individuals should be encouraged to review 1-week averages of sleep measures rather than
single nights and educated on the acute effects of sleep loss vs. chronic exposure (e.g., acute
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10.

11.

12.

13.

14.

15.

16.

sleep loss affects performance/safety, but health risks are linked to chronic, not acute
exposure).

The effects of alcohol or substance use on elevated nocturnal heart rate and sleep should be
discussed to encourage healthier behavior (e.g., controlling alcohol intake, reducing late-
night eating, and avoiding recreational drug use).

Weekend-weekday differences in sleep duration/quality should be discussed as it has health
implications. Although an increase from ‘medium’ to ‘long’ sleep duration on the weekend is
unfavorable [83], short weekday-short weekend sleep duration appears to be associated with
poorer outcomes than a modest weekend-weekday difference [83-85].

Consistently late sleep timing is emerging as a risk indicator for both physical [86] and mental
[87] illness.

Concern over minutes or percentages of SWS/deep sleep or REM sleep must be tempered.
Users should be reminded that sleep staging values differ in quality across devices and are
meant to be indicative only and are not authoritative. While reduced SWS/deep sleep in older
adults is regarded as a risk factor for late-life cognitive decline and risk of dementia [88], data
is inconsistent [89, 90], and there is presently no robust evidence that artificially increasing
SWS/Deep Sleep alters outcomes. REM sleep is considered important for emotional
wellbeing, but apart from reducing or eliminating intake of medications that suppress REM
sleep when feasible, there is no evidence that remedying REM sleep ‘insufficiency’ has
therapeutic benefit. Notably, excessive REM sleep may be present in persons with mood
disorders [91]. REM may be suppressed in individuals taking medications (e.g. selective
serotonin reuptake inhibitors/SSRIs).

If measured, significant changes in oxygen saturation should be followed up with a health
professional. Device quality and wear need to be checked to reduce false alarms. Persons
with darker skin tones might have lower blood oxygen saturation than indicated. Readings
may be inaccurate if sampling is not sufficiently frequent.

Detected atrial fibrillation (where this feature is included and certified) and/or persistent
gaps in heart rate data should be followed up with a health professional.

Integration of sleep and physical activity timing can be the basis for discussing how the user
can plan adequate time for exercise [92].

Naps are presently not consistently detected in these devices. The minimum threshold for
nap detection is presently device-dependent. Some manufacturers do not warrant nap
detection. Napping is subject to cultural biases. Naps are not divided into voluntary and
involuntary sleep episodes. This is important to note.

Following travel-related sleep disruption, shift work, or polyphasic sleep, the partitioning of
sleep into ‘main’, ‘subsidiary’ or ‘nap’ sleep periods is manufacturer dependent. Device
output is less reliable and should be dealt with on a case-by-case basis. Caution should be
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taken in interpreting sleep measurements in this context, and corroboration with other
measures, such as self-report, is useful. Traveling across time zones can interfere with the
assignment of correct timing to sleep and wake periods.

17. Challenges to mental health and wellbeing may be present when a sudden shift in previously
consistent sleep behavior is observed.

18. Wherever possible, sleep data should be integrated with other contextually relevant health
information, like the influencers of sleep and the consequences of different sleep patterns.

19. There is tremendous potential to characterize and norm longitudinal sleep measurement
with unprecedented levels of diversity and resolution if these are collected from sufficiently
accurate devices worldwide [93].

4.2. Sleep Tracking in Individuals Presenting with Sleep Symptoms

A considerable proportion of the global community of CHT users are individuals who report chronic sleep
disturbances or are at considerable risk of developing sleep disorders. This population tends to use CHTs
to seek answers about their sleep difficulties.

These individuals may benefit from long-term sleep health monitoring similar to that provided by CHTs
to healthy individuals. By providing long-term sleep trends, users may be able to identify potentially
adverse sleep symptoms. Some wearable devices provide accurate information about breathing during
sleep. These devices can be used as screening tools for sleep-disordered breathing. This usage mode can
help people proactively seek sleep disorder treatment (see later). Sleep researchers are beginning to use
CHTs as an additional screen for sleep disorders in research participants, following the decades-old
practice of using research-grade actigraphy. Additionally, users may also use these devices to identify
disordered sleeping timing, such as unusually delayed or advanced sleep patterns that occur with
circadian rhythm sleep-wake disorders. However, it is important to note that according to the AASM
guidelines, sleep trackers should not be used in isolation to diagnose sleep disorders [30].

The longitudinal use of CHTSs also supports the early identification of disordered sleep, and, in selected
cases, may provide the opportunity to monitor treatment outcomes. While there are appropriate
concerns about the potential for ‘false positives’ or ‘false negatives’ from such use cases and the
unnecessary worry that this may generate, the net benefit of widespread identification of individuals at
high risk for sleep disorders is likely positive.

CHTs may also facilitate education about the importance and impacts of sleep health. For example,
individuals may better understand the influence of sleep disordered breathing by viewing cardiovascular
and other physiological signals (e.g. oxygen saturation) during sleep on untreated nights compared to
nights with treatment. Some consumer apps also flag when a poor night of sleep has occurred, such as
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sleeping for <6hr. This can encourage users to take proactive measures to mitigate any short-term risks
(e.g., driving while sleep restricted) and seek to rectify their sleep disorder symptoms if they persist.

4.3. Sleep Tracking in Individuals with Chronic Sleep Disorders

Sleep tracking may be combined with existing diagnostic and therapeutic tools to engage and support
patients with confirmed sleep disorders. However, they cannot be used for diagnostic or therapeutic
purposes when deployed in isolation. The usefulness of CHT will differ depending on the specific
condition. There is inadequate evidence to support clear recommendations in some groups, for example,
those with hypersomnolence or periodic limb movement disorder.

4.4 Insomnia

While self-reporting is central to insomnia assessment [94], CHT can provide informative, objective data
to support clinical management, possibly replacing research actigraphy devices that have been used for
decades and using them in combination with sleep diaries. CHT-derived sleep timing and regularity may
help exclude a circadian rhythm sleep-wake disorder. Further, insomnia is often comorbid with OSA in
about 30 to 40% of insomnia cases [95]. High-quality consumer trackers, whose performance has been
scientifically evaluated, can be useful for screening for sleep-disordered breathing in such cases.

While many persons may benefit from greater awareness of their sleep patterns and how these affect
next-day function and/or may be a believer in the cultural phenomenon of self-tracking with technology
(i.e., quantified self), some may develop unhealthy fixations (‘orthosomnia’ [82]) about attaining
particular sleep 'benchmarks' they believe to be essential for their wellbeing. Anxieties about health
data are not unique to sleep - for example, anxiety about not meeting a weight, blood-sugar control, or
resting heart rate metric. Such anxieties should be recognized, and discontinuation of CHT may be
recommended.

CHT can facilitate the administration of new treatment techniques. For example, Intensive Sleep
Retraining, which was once confined to the laboratory. It involves allowing patients to fall asleep before
being woken up after only 1-2 minutes of sleep, repeatedly for up to 24 hours [96]. Deprived of
recuperative sleep, sleep pressure increases, and patients fall asleep more rapidly across successive
sleep attempts. This approach helps recondition insomnia patients to fall asleep more quickly after the
procedure, the efficacy of which is demonstrated in clinical trials [96, 97]. A consumer tracker has
enabled the routine administration of this efficacious yet otherwise impractical technique outside of the
laboratory environment, demonstrating the utility of consumer technologies in providing novel
treatments for insomnia.
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A few small studies have considered how CHTs may support the implementation of established
treatments, such as cognitive behavioral therapy for insomnia (CBT-I). In a small study in which some
patients had worn a CHT combined with CBT for insomnia, patients who wore trackers had higher
adherence, potentially via higher user engagement [98]. Some studies have tested whether wearable
devices as feedback can be therapeutic, particularly for people with significant sleep-wake state
discrepancy (i.e., sleep misperception), and findings have not supported their use for this purpose [99].

Recommendations:

Clinicians: If insomnia is suspected, supplementary information should be gathered with a sleep diary
(e.g., the NIH National Heart, Lung, and Blood Institute Sleep Diary
https://www.nhlbi.nih.gov/resources/sleep-diary) because sleep tracking is generally less accurate in

people with insomnia than in healthy adults due to more prolonged periods of quiet wakefulness in bed.
Accordingly, inferred sleep latency and brief wake periods may also be less accurate than for healthy
sleepers.

With the above caveats in place, CHTs may help identify objective evidence of sleep disturbances (e.g.
prolonged WASO), particularly among populations with difficulty reporting their sleep problems (e.g.
patients who have difficulty keeping sleep logs, such as adolescents and individuals with memory
deficits).

If there is evidence of frequent sleep disturbance on CHT (e.g., at least 3 times per week for at least 3
months in the case of chronic insomnia[100]), it may be useful to initiate a discussion to identify whether
the patient has self-reported sleep complaints and would benefit from insomnia treatment (e.g., CBT-I).
Patients may have objective sleep disturbance but, in some cases, do not complain about their sleep or
desire treatment.

Sleep tracking can assist in engaging and motivating patients to adhere to treatment and some devices
are useful for treatment administration.

Diagnosis of insomnia disorder does not require objective evidence of sleep disturbance on CHT. It may
be helpful to discuss objective results with the patient, particularly in regard to educating patients on
typical/expected sleep patterns for their age and gender. Patients with insomnia often have unrealistic
expectations about sleep (e.g., sleeping 8 hours each night, not waking up in the night), and discussing
their data may provide an opportunity to adjust maladaptive beliefs about their sleep.

Some patients will report markedly different sleep compared to the data from CHT (e.g., sleep-wake
state discrepancy or sleep misperception). There is no standard treatment protocol for managing this
phenomenon and no current evidence to support using devices in this situation.
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Users and clinicians: CHT results can be useful to identify poor sleep health (e.g., irregular sleep, delayed
sleep timing), and some devices can screen for sleep disordered breathing and circadian rhythm
comorbidities, which should be corroborated with gold-standard testing.

4.5 Sleep Apnea

CHTs have the potential to assess sleep apnea. Here, we use the term “sleep apnea” instead of
obstructive sleep apnea (OSA) since it is unknown whether CHTs can distinguish between the types of
sleep apnea events (i.e., obstructive, central, mixed).

CHT embedded sensors record signals that may be useful in identifying sleep apnea. Given the
proprietary nature of algorithms used to analyze physiological signals collected by CHT sensors, the
inputs to CHT sleep apnea classifiers remain conjectural. Many devices feature pulse oximetry, which
enables the detection of episodic oxygen desaturation (intermittent hypoxia), a hallmark of sleep apnea
associated with adverse cardiovascular outcomes [101, 102]. However, to detect intermittent hypoxia
associated with sleep apnea, a higher resolution (sampling every 1-2 seconds) is needed than what is
provided by most devices (sampling every few minutes). In addition to oximetry, cardiac and respiratory
parameters acquired by PPG as well as accelerometry, may be used to detect sleep apnea[103].

As of the end of 2024, the Apple Watch and Samsung Galaxy Watch have obtained FDA clearance for
the identification of individuals at risk for moderate to severe sleep apnea who have not yet been
diagnosed. Withings received EU approval for this function in early 2025. Apple has disclosed that its
sleep apnea detection algorithm uses patterns in triaxial acceleration data to detect the presence of
apneic events[45]. As of writing, there are limited reports of CHT performance for sleep apnea detection.
No CHT device is FDA cleared for the diagnosis or longitudinal monitoring of OSA.

However, CHT will likely have a role in managing sleep apnea patients as multi-night ambulatory
assessments that they can perform conveniently and at scale. As there is significant night-to-night
variability in apnea severity [104] CHT could provide a better indication of disease severity than the
current practice of single-night PSG studies. CHTs’ ability to track a broad range of health-related
metrics, such as physical activity and sleep patterns, which may interact with sleep apnea severity, may
also engage patients in their personal evaluation and management of sleep disordered breathing[105].

Well-designed performance evaluation studies are needed to assess the ability of CHT to detect and
accurately quantify the severity of sleep apnea. Such studies should evaluate the rate and sources of
error, artifact, and data loss. Randomized controlled trials that implement CHTs in the evaluation and
management of sleep apnea are needed to determine if incorporating CHTs into the sleep apnea care
model improves relevant clinical outcomes such as time to diagnosis, cost efficiency, symptom control,
quality of life, and sequelae.
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Recommendations:

Users: When CHT that are FDA cleared for screening of moderate-to-severe sleep apnea reveal that
individuals are at high risk, these individuals should seek evaluation for sleep apnea by a medical
professional.

Clinicians: Individuals identified by CHT as high risk for sleep apnea should be evaluated with an FDA
cleared home sleep apnea test or in-laboratory sleep study (polysomnography) at the healthcare
provider's direction. A low risk use case for CHT in sleep apnea management is to leverage CHT as a
patient engagement tool to promote adherence to sleep apnea treatment.

A systematic comparison of sleep apnea sensing modalities, signal processing methods and classification
algorithms would facilitate the selection of the best approaches to incorporate for improved OSA
detection and assessment.

4.6 Circadian rhythm sleep-wake disorders

A cornerstone of the evaluation and management of circadian rhythm sleep-wake disorders (CRSWD) is
the estimation of sleep timing with the use of FDA-cleared actigraphy. In fact, the International
Classification of Sleep Disorders, Third Edition, Text Revision recommends that actigraphy monitoring
be used, whenever possible, for 7-14 days to demonstrate an advance, delay, irregular, or free-running
pattern of sleep-wake timing to assist with the diagnosis of advanced sleep-wake phase disorder,
delayed sleep-wake phase disorder, irregular sleep-wake rhythm disorder, and non-24-hour sleep-wake
rhythm disorder respectively [106]. Additionally, a systematic review of actigraphy research by the
AASM [107] identified that actigraphy yields significantly distinct information from sleep logs and can
estimate sleep parameters with sufficient accuracy compared to PSG, leading to the recommendation
that actigraphy should be used in the assessment of patients with circadian rhythm sleep-wake disorder.
Extrapolating these recommendations, sleep timing derived from wearable health tracker sleep
measurements could be used as supportive data to diagnose CRSWD.

While the most immediate use of wearable sleep tracking is to visualize abnormal patterns of sleep-
wake timing in suspected CRSWD, mathematical modeling of 24-hour motion signals may be useful to
quantify circadian properties of the rest-activity rhythm. Traditionally, cosinor analysis has been applied
to actigraphy to estimate acrophase, mesor, period, and amplitude of the rest-activity rhythm [108];
however, this analysis may not be ideally suited to patterns that change over time, and a growing field
of research using both physiologically-based [109] and non-parametric data-driven methods [110] has
proposed algorithms to measure circadian rhythmicity. Similar to processing acceleration data from
traditional actigraphy with these algorithms, acceleration data from off-the-shelf wearables can be
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analyzed to predict dim light melatonin onset (the gold standard objective marker of the biological clock)
within one hour of error in healthy individuals [111].

The multi-sensor properties of wearable health trackers allow for additional streams of data beyond
motion (e.g. heart rate, temperature, and ambient light) to act as inputs to circadian estimation models.
Already, CHT-acquired heart rate and temperature have been used to estimate the circadian phase in
healthy participants [112, 113]. Given the difficulty in diagnosing CRSWD and the dependency of
treatment timing on the objective circadian phase [114], wearable-derived estimates of the central
circadian clock could transform clinical sleep medicine. This future capability is uniquely plausible with
24/7 data collection from wearable devices [113].

Therefore, wearable health trackers can augment clinical history in the diagnosis of CRSWD by allowing
for visualization of the timing of sleep-wake patterns as well as providing estimates of the central
circadian clock, although the latter requires further investigation in patients with CRSWD. Additionally,
patient-centered outcomes should be assessed to determine the utility of incorporating such measures
into clinical evaluation and CRSWD management. For example, research questions might address
whether integrating wearable data reduces the time to diagnosis of CRSWD or improves response to
treatment.

Recommendations:

Clinicians: Visually inspect and use sleep measured by CHT as an adjunct to the clinical history for
diagnosing and managing CRSWD in the same way traditional actigraphy has been employed.

Further investigation of circadian rhythms estimates from wearable health trackers to enable use in
clinical applications.

5.0. PERFORMANCE EVALUATION OF SLEEP MEASUREMENT
5.1 Framework for Performance Evaluation of CHT for Sleep Measurement

In 2021, Meghini and colleagues proposed a standardized framework for evaluating the performance
of new sleep-tracking devices against a reference device, most commonly PSG, but sometimes
involving a ‘research actigraph’[35]. Performance evaluation typically occurs in the setting of an
overnight PSG, either for investigation of the device(s) of interest or a clinical convenience sample of
individuals undergoing PSG for diagnostic purposes while concurrently wearing a CHT.

Prior to evaluating performance, all device recordings must be temporally synchronized as closely as
possible on an epoch-to-epoch basis, as device epoch lengths usually differ from the standard 30s PSG
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epoch length. Alongside, as PSG differentiates NREM N1 and N2 sleep while these are collapsed into
‘light’ sleep by wearable algorithms, PSG epoch labels have to be adjusted.

Performance evaluation involves three sets of analyses. Discrepancy Analysis is performed to quantify
the differences in duration between the device-derived sleep measures and PSG values. For this,
individual epochs of each stage of sleep, both before (wake before sleep onset) and after sleep onset
(wake after sleep onset, light sleep, deep sleep, and REM), are concatenated to assess individual-level
and group-level differences in sleep stage classification.

Bland-Altman plots (Fig. 3A,3B) visually depict these differences and biases. Biases can be systematic -
where there is consistent under or overestimation of a sleep parameter by the device as well as
proportional, where the magnitude of the bias is affected by the true value of the measure. (e.g. when
underestimation of TST is of a higher magnitude on nights/persons with shorter TST)

Epoch-by-epoch comparisons, the third analysis, provide a more granular assessment of the sleep
tracker's accuracy (Fig. 3C) by comparing the agreement between the tracker and the reference
method at the level of individual 30s epochs, e.g. via conventional confusion matrices and classification
performance metrics such sensitivity, specificity and accuracy (Fig. 3D, Table 1).

For sleep-wake classification, specificity (which evaluates correctly classified awake epochs; alternate
name: ‘sensitivity to wake’) is a more discriminatory measure than sensitivity or accuracy. This is
because sensitivity (to sleep) and accuracy are typically very high (~90%) in healthy individuals who
spend most of the allotted time in bed asleep [115].

Sleep stage classification performance may also be quantified by accuracy or preferably using Cohen’s
kappa statistic, which accounts for the possibility that agreement occurs by chance. The use of
prevalence-adjusted bias-adjusted kappa (PABAK) may be beneficial given the imbalance of classes of
sleep stages and wakefulness throughout the night is great.

— Fig. 3 Around here

Besides these standard analytical approaches, additional analyses can be used in a performance
evaluation. For instance, equivalence testing analyses can assess whether the parameters derived from
the PSG and the CHT are similar enough for practical and clinical purposes [43, 116]. The symmetric
mean absolute percentage error (SMAPE), an extension of the classical MAPE analysis, can quantify the
percentage error of the CHT predictions relative to PSG values, preventing extreme errors when values
are close to zero (e.g., SL values) [117]. The Standardized Absolute Difference (SAD) can be used to
compare the performance of two devices by measuring the absolute difference between their outputs,
taking also into account potential differences in the magnitude of the values provided by the devices
[117].
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There is presently a growing number of well-conducted performance evaluation studies comparing

different CHTs with PSG, surpassing the rigor of testing performed when actigraphy became widely

used. However, expectations have also been raised. An accompanying comprehensive review of work

to date will follow the publication of these recommendations, but the knowledge base is expected to

continue to grow.

Table 1. Definition of specific terms used in the context of sleep tracker performance evaluation

Term

Definition in the context of sleep tracker performance evaluation

Synchronization

Precise temporal alignment of the CST and the PSG recordings, usually
between lights off and lights on in laboratory studies.

2-Stage Classification

Scored epochs from both the CHT and the PSG are classified as wake (W) or
sleep (S)

4-Stage Classification

Scored epochs from the CHT and the PSG are classified as wake, light sleep
(N1+N2), deep sleep (N3), and REM sleep.

Bland-Altman Plot

A visual assessment of agreement between measurements derived from
CHT and PSG, plotting the difference between the measurements against
the PSG measurements. It can be used to assess systematic and
proportional biases as well as adherence to limits of agreement

Systematic (Constant) Bias

The mean difference between a parameter derived from the test and
reference devices (here, CHT and PSG). It indicates systematic over or
underestimation of values across the measurement range.

Proportional Bias

The measure of how the bias of measurements obtained by the test and
reference device varies according to the magnitude of the measurement. A
negative proportional bias for TST would indicate that the CHT assesses
sleep to be even shorter than PSG-measured TST as a participant’s TST is
lower than average for the sample.

Limits of agreement (LOA)

The limits of agreement estimate the interval that a given proportion of differences
(typically 95%) between measurements is likely to lie within. The limits guide as to
whether methods can be used interchangeably or if the new device can substitute
for the reference (typically PSG) without changing the interpretation of the results.
LOAs define the range within which most differences between sleep
trackers and PSG are expected to lie. They are calculated as the mean
difference (systematic bias) + 1.96 times the standard deviation of the

differences, covering approximately 95% of the differences under the
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assumption of normality (homoscedasticity).

Homoscedasticity It refers to the condition where the differences between the sleep tracker
and the PSG exhibit constant variability across the range of measured
values. This indicates that the level of agreement between the tracker and
the PSG does not depend on the magnitude of the measurements.

Heteroscedasticity It refers to the condition where the variability of the differences between

the sleep tracker and the PSG changes across the range of measured values.
This suggests that the level of agreement between the tracker and the PSG
depends on the magnitude of the measurements, indicating proportional
bias.

Epoch-by-epoch analysis

EBE is a method used to assess the agreement between the classification
(e.g., sleep or wake) provided by the sleep tracker and the PSG for each
individual epoch.

Confusion matrix

A table used to evaluate the performance of a classification model. It
compares the classifications (binary or categorical) provided by a sleep
tracker against the classification provided by the reference (PSG), showing
the number of correct (true positive (TP), true negative (TN)) and incorrect
predictions (false positive (FP), false negative (FN) for each stage.

Accuracy The proportion of epochs correctly classified by the CHT:
ACC=(TP+TN)/(TP+TN+FP+FN). It ranges from 0 (no epoch correctly
classified) to 1 (all epochs correctly classified).

Sensitivity (to sleep) The proportion of sleep epochs correctly classified by the CHT:

Sens=TP/(TP+FN).

Specificity (to wake detection;

alternatively, Sensitivity to
Wake following sleep onset)

The proportion of wake epochs correctly classified by the CHT:
Spec=TN/(TN+FP). It ranges from O to 1.

F1 score

F1 score is an index of predictive performance: F1=2TP/(2TP+FP+FN)

Cohen’s kappa

A measure of the agreement between two methods (e.g., PSG and sleep
tracker) that are classifying epochs into categories (e.g., sleep/wake), which
is correct for the agreement that could occur by chance:
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Cohen’s Kappa = (Po-Pe)/(1-Pe),
where Po is the probability of agreement; Pe: p (Disagreement |chance). It
ranges from -1 (agreement lower than expected) to 1 (perfect agreement).

Prevalence-Adjusted and Bias-
Adjusted Kappa (PABAK)

A measure of agreement that adjusts Cohen's kappa for the effects of
prevalence and bias in the data (e.g., sleep is more prevalent than wake
during nocturnal sleep)

Symmetric Mean Absolute
Percentage Error (SMAPE)

An approach to quantify the percentage error of a sleep tracker’s
predictions relative to the PSG values:

n
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where x is the reference device estimate (PSG); y is the CHT estimate; n is
the number of simultaneous measurements. S? is the variance of the PSG
and CHT measurements.

Recommendations

Researchers: (some points relevant to industry as well):

1. As most performance evaluations are performed in the traditional setting of a sleep lab on

a single night, multi-night and sleep-at-home studies where night-to-night variation in CHT

performance [118-120], including variation in sleep [121], can be assessed, are advised.

2. For both algorithm training and evaluation purposes, use a protocol that inserts periods of

in-bed but pre-sleep wakefulness as well as sleep-period interruptions to simulate real-life

disrupted nighttime sleep and post-wake lie-in periods [59].

3. Expand nap detection testing [60].

Expand testing in adolescents and older adults as increasing numbers of these

demographics use CHT.

5. For industrial uses, shift workers and persons on irregular sleep schedules should be

recruited for performance testing.

6. For clinical uses, a multi-site combination of data is recommended to achieve sufficient
scale to enable collected data to be robust.

7. Use open-source code for standardized performance evaluation of any sleep-tracking

device. These exist in Python [34] and R [35] versions.
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Manufacturers:

1. Develop an industry-wide standardized benchmarking framework for sleep measures
evaluation to enhance comparability and transparency.

2. Provide easily accessible comprehensive white papers on performance evaluation, including
important clinical studies that allow for standardized cross-device comparisons.

3. Provide researchers information about the mean absolute percentage errors for your
sensor/output measurements where appropriate (relevant for HR, HRV, temperature).

5.2 Populations tested: present samples and future needs

Most commercial algorithms have been trained on healthy or relatively healthy participants obtained
through convenience samples [39, 40, 80]. These persons tend to be of working age with normal or
relatively normal sleep physiology. Insofar as most CHTs are purchased by this demographic, the
derived algorithms are appropriate.

Even for healthy persons, data for children, adolescents, and older adults is relatively limited. In these
age groups, physiological measures obtained from different sensors may be differentially modulated,
affecting inferences about sleep and other health indicators. Conventional actigraphy requires
adjustments to motion sensitivity for more accurate sleep/wake classification as children move more
and older adults move less during sleep. Likely, these issues must also be addressed when developing
algorithms for CHT.

For persons with sleep disorders and other medical conditions, the mapping from sensor data to
clinically useful inference is more complex, involving the interaction between condition and severity of
disease and the combination of multiple sensor data.

Some CHT features, such as the detection of atrial fibrillation, falls, febrile illness or massive oxygen
desaturation, which are associated with pronounced deviations of sensor readouts from the norm, the
demonstration of clinical utility can be more readily achieved. However, with common sleep conditions
discussed earlier, additional algorithm training, validation, and refinement will be necessary for robust
clinical utility. In some cases, this may be unachievable with current sensor modalities.

5.3 Defining what is 'good enough’ for clinical applications

CHTs provide information about sleep that can be partially mapped to PSG for objective sleep
monitoring. However, to expect concordance beyond an asymptote is unrealistic as the methods tap
into different aspects of sleep physiology. When considering whether a particular CHT should be used
for a given use case, the guiding question is, “is the device accurate enough for a specific use(s)?” The
answer will depend on the availability of performance evaluation data and the use case.
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For example, if a healthy adult opts to use a CHT to monitor their long-term sleep health for health
improvement or maintenance, then a CHT with good performance levels will be suitable (Fig. 4). If,
however, the intention is to use a CHT to screen for sleep disorder symptoms, then a higher degree of
accuracy is often required [12]. As with all diagnostic testing, the acceptable error margin depends on
the measure, the effect size that needs to be detected, and the consequences of false negatives.

Studies that compare the accuracy of clinical decision-making facilitated by data from the gold-
standard measures versus a CHT are needed. These studies would be helpful for users and clinicians to
determine whether CHTs are accurate enough for these higher-risk use cases. However, the currently
available evidence suggests that multiple CHTs are as accurate, if not more accurate, than research-
grade actigraphy devices and could thus be used for similar purposes.

We expect that, over time, two things will happen. First, data mapping sleep/health outcomes with
CHT physiological markers, their cross-modality interaction, their temporal dynamics, and how they
interact with relevant participant and environmental features will grow to the point where it exceeds
what is possible with PSG except in specific neuroscience applications. Secondly, further development
in sensor technology will open the door to new applications.

Beyond these technical issues, other major considerations to determine whether a CHT is currently
‘good enough’ for clinical applications include patient and clinician acceptance, feasibility, and cost-
effectiveness. For example, devices with longer battery lives or simpler displays are easier to use in
clinical contexts and often reduce data loss. Healthcare professionals are encouraged to consider the
needs of their clients when determining device suitability. Some people do not like wearing rings,
others dislike wrist-worn devices, and a few dislike both. CHTs also vary in their sensor composition
and quality applications. For example, a device great for measuring nocturnal vascular signals may not
be the best for exercise heart rate tracking.

Recommendations

Researchers:

1. Studies that evaluate the clinical utility of CHTs versus gold standard clinical measures would
be highly valuable and should be encouraged.

2. Data on wear time and acceptability of usage should be included in longitudinal studies
adopting CHT.

Clinicians:

1. Evidence about the clinical utility of CHTs is rapidly evolving; keeping abreast of the latest
evidence is a difficult but necessary hurdle towards realizing the unprecedented potential
of CHTSs for transforming medicine.
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2. Validated CHT should be suitable for purposes currently undertaken by actigraphy.
3. The ‘right device’ for a patient is one they will wear regularly, be willing to pay for and
provide sufficiently good data.

Manufacturers:

1. Invest in directly mapping short-term and longitudinal device data to relevant health
outcomes, e.g. mortality, risk of disease, and rate of disease progression, to develop a fresh
framework for assessing the level of accuracy necessary for robust clinical application.

2. Consider applying the framework of equivalence testing [116] to this effort

— Fig. 4 Around here
6.0 TRANSFORMING DATA INTO CLINICALLY USEFUL RECORDS
6.1 Artificial intelligence, ‘black-box’ issues and upgrades

Artificial intelligence plays a critical role in CHTs. Machine learning is used to train algorithms that
process CHT data, remove artifacts, and classify signals into understandable sleep, activity, and cardiac
parameters. Additionally, machine learning algorithms are well suited for analysis of the massive
datasets that arise from collecting data with CHTs used by a large proportion of the population. Such
algorithms may utilize multiple small but consistent differences in signal between groups of interest
that humans may not detect e.g. for atrial fibrillation detection using PPG signals [122]. Furthermore,
artificial intelligence may power the apps associated with CHTs, with chatbots and virtual agents
providing sleep advice.

There are multiple considerations when using artificial intelligence for any medical or wellness
purpose, including but not limited to transparency regarding product development, testing, and
intended use; performance and potential for performance changes with algorithm retraining or
learning during use in the field; security; IT infrastructure; patient, provider, and staff education; and
bias. Here, we discuss issues related to the use of machine learning classifiers in processing data
acquired by CHT embedded sensors. For a comprehensive discussion of strengths, weaknesses,
opportunities, and threats posed by artificial intelligence in sleep medicine, we direct readers to the
recent publication in the Journal of Clinical Sleep Medicine [123].

Given the complexity inherent in CHT data collection, pre-processing, processing, analysis and
presentation, some degree of tolerance of the ‘black-box’ nature of CHT is required. A majority of
healthcare providers and patients accept that they do not have insights into the sensor and data
processing details of medical devices, entrusting these to experts. However, there is disproportionate
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concern about CHT which has persisted despite an appeal following discussions on their use as sleep
and circadian biomarkers 6 years ago [27]. This could be based on prior experience with traditional
actigraphy and associated software. When the original actigraphy algorithms were developed, the
principles were intuitive and simple, published in considerable detail [5, 6], and explained in reviews
[3, 124]. This allowed researchers to select appropriate algorithms to achieve reasonable performance
under sleep disorder-specific constraints. Additionally, given an understanding of transformation of
acceleration to activity counts and classification of sleep and wake, sleep assessments with actigraphy
were considered rigorous, reproducible, and potentially generalizable across devices. Training
algorithms adapted to CHT collected signals in different sleep and medical disorders is complex and
requires money and dedicated resources. Any code must be broadly and easily usable, requiring
constant upkeep. Few scientist-generated graphical user interfaces can compare with those in
commercial products. Additionally, event data across ‘research grade’ devices are not directly
comparable, even in specific applications [125].

Manufacturers constantly improve their products by updating hardware, firmware, and software to
remain competitive. Upgrades can have different impacts on sleep assessment. The extent to which a
user/researcher can control these also varies. Researchers can use a particular model of the device for
the entire duration of a study. Firmware locking may be possible with some manufacturers. However,
app or cloud-level software upgrades can change sleep algorithms and cannot be blocked at present.
Most software updates relate to user interface or user experience enhancements rather than sleep
algorithm changes. Unfortunately, information on how each update could affect the collected data is
rarely provided.

Concerns about upgrades arise from the proprietary nature of each component, which could make it
challenging to compare previously collected data with current and future data collection efforts.
Research/clinical grade actigraphs face similar issues with upgrades; however, disclosure of sleep
classifier algorithms allows for backward compatibility and reproducibility over long time periods. Of
note, accelerometers may have variable quality across [9] and even within manufacturers over time.
Secondly, as with CHT manufacturers, firmware upgrades change how sensor data is read out,
resulting in non-identical measurements [126]. Thirdly, different implementations of the same
algorithm, a proprietary and an open source version, can give different sleep metrics despite being fed
identical acceleration data [7]. Few, if any, older papers record firmware or software versions used. As
updates generally correct errors or improve measurement, insisting on older systems for backward
compatibility and perceived transparency may be counterproductive. Historical ‘research grade’
algorithms were designed before the groundbreaking success of modern machine-learning methods
and did not generalize well; they needed to be adjusted for age, biological sex, obesity, and health
conditions with technical skill and effort to get closer to PSG outputs. Provided the right training data,
machine learning excels at those tasks and requires minimum user input.
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Recommendations:

Users:

1. Focus on trends rather than absolute values of sleep metrics when relating these to
outcomes.

2. End-users and clinicians should accept that only a few individuals understand the entirety of
the data chain, spanning physiology to clinical application. Insistence on publicizing
proprietary methods is futile, although manufacturers should be encouraged to disclose the
principles underlying how their devices measure sleep.

Manufacturers:

1. Provide sufficiently detailed instructions on how data from different sensors are combined to
generate health measures of interest. This can be done without revealing the intricacies of how
weights or features are combined [39, 40].

2. Evaluate the effects of firmware and software algorithm updates on a range of human
participants before public release.

3. Communicate in advance when and how the updates may affect the issued sleep reports.

4. Provide details about what is changed with each change in firmware and software

Provide a facility to lock firmware upgrades.

Researchers and developers:

1.

Develop tools to harmonize data across manufacturers to allow clinically meaningful
comparisons where possible.

Pursue novel ways to combine sensor data, exploiting temporal and environmental changes
in physiological measurements for novel health applications.

6.2 From CHT dashboard to electronic health record

The flow of data from the wearable dashboard to meaningful outcomes is illustrated in Fig. 5. Current

CHT often provide application programming interfaces (APls), through which wearable data can be

extracted and exchanged with third-party, device-agnostic software platforms, for example, Apple

Healthkit, Google Fit, and Samsung Health. Device-agnostic platforms may provide certified data

analytics services such as sleep scoring [127] (e.g. https://sleepacta.com/en/) . Some platforms also

enable integrating health data from multiple devices with different manufacturers. Data integration

with electronic health record systems (EHRs) is rapidly evolving. Epic, for example, integrates patient-

generated data via Apple Healthkit and Google Fit in discrete fields, although sleep parameters are not
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supported as of February 2025. Third-party data integrators (e.g., Terra https://tryterra.co/ or Validic
https://www.validic.com/) work with manufacturer specific data fields and API’s to transfer CHT data
into EHR, but they do not address the issue of heterogeneity of sleep data across different
manufacturers.

At present, there is neither a unified, cross-industry data lexicon (which focuses on the definition of
sleep measurements and their underlying concepts) nor a data dictionary (which specifies the
structure, format, and relationships of data elements within a database). This gap motivated the
creation of ANSI/CTA/NSF-2052.1-A [32], whose essence is captured in Section 3.2 in this
recommendation. Agreeing on the constitution of these two collections is critical for incorporating CHT
data into EHRs and, thereafter, into clinical workflows.

The integration data from different sources has been led by scientists from genomics and brain
imaging fields who have employed statistical and deep learning methods to achieve data
harmonization. They developed widely disseminated tools like ComBat [128]. Multi-site brain imaging
studies often scan a few participants using both old and new protocols to allow differences related to
upgrades to be reconciled. The sleep field can learn from these approaches. However, It should be
noted that the development and maintenance of such technological infrastructure will require
significant investment in expertise and effort.

Additionally, education on the use of CHT data and workflows is required. Without reimbursement for
the utilization of CHT data in clinical settings, these costs could prove challenging for manufacturers to
absorb. Therefore, while promising, wearable sleep tracking in clinical sleep medicine requires careful
consideration even beyond device performance. This will include assessment of clinical utility, cost
effectiveness, and the generation of false positive results that could result in the need for further
testing, diagnosis, and treatment.

— Fig. 5 Around here
Recommendations
Manufacturers:

1. Adopt common definitions of selected ‘fundamental sleep measures’ as described in
Section 3.2 for the initial fields used by EHR systems.

2. Provide evidence of compliance with minimal data quality standards for specific
applications to qualify for incorporation into EHR for clinical decision support (Section 5.3).

42


https://tryterra.co/
https://www.validic.com/

7.0 MEDICAL REGULATORY STATUS: CURRENT STATUS AND FUTURE DIRECTIONS

Medical devices are regulated by national agencies such as the US FDA, EU MDR /CE, UK UKCA Mark,
Canadian MDL, Australian TGA, Japanese PDMA, and Chinese NMPA. Each shares common principles
of ensuring medical benefits and mitigating risks through classifying medical products into device
classes according to the risks they pose. CHTs usually lie in the low risk category and are not scrutinized
as closely as medical devices. This allows them to be sold as consumer goods. Insofar as they provide
the sleep measures indicated in this document and make no claims about diagnosing and treating
sleep disorders such as insomnia and sleep apnea, manufacturers are not obliged to seek medical
device certification.

Most manufacturers will elect not to seek certification for commercial reasons as significant time,
effort, and costs involved in the process outweigh commercial benefits when these devices are
primarily used for wellness promotion (e.g., self-discovery). This is true even when the sleep metrics
provided by CHTs overlap with those offered by medical-grade sleep devices, such as total sleep time
and sleep efficiency.

Notably, the distinction between CHT and traditional medical devices is increasingly blurred, creating a
complex certification landscape that may be difficult for users to assess. Empatica, for example, is a
wearable medical device with FDA-approved oximeter, temperature, pulse rate, pulse rate variability,
EDA, and an accelerometer. However, its sleep measurement is not certified.

Device quality is a priority for many manufacturers, and the quality of some CHTs already rivals that of
certified instruments and can potentially assist in clinical decision-making. However, without
certification, they cannot be used in more sensitive clinical trials or independently for diagnostic
decision-making, particularly in the EU.

Software as a medical device (SaMD) is a regulatory pathway to certify consumer device features like
atrial fibrillation detection. This pathway is increasingly being adopted to accommodate the rapid
development of new technologies.

The regulatory landscape around Al and data protection for health data and privacy is rapidly evolving.
As manufacturers exploit the potential of consumer electronics and machine learning-based
algorithms for health applications (sleep being one), we can expect more manufacturers to seek
certification.

Another area where we expect rapid evolution is in multi-device integration. Some manufacturers,
such as Withings and Samsung, are moving along this path. The collection of redundant information
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about sleep through different, complementary sensing technologies that probe diverse aspects of
physiology can be expected to expand clinical applications in the future.

When the intended function of a device component is to provide ‘good enough’ data for clinical
decision making, medical certification is sought. This entails a detailed documentation process where
data quality has to match or exceed either prescribed standards set by the regulator or the
performance of a device that has already been certified (as in the case of 510(k) filings in the US). Atrial
fibrillation and sleep apnea diagnosis are examples of such certifiable functions. Meeting quality and
safety standards for specific features does not warrant other device functions, and users should be
educated about this distinction.

Recommendations

All:

1. Current CHTs should not be solely relied upon for accurate diagnosis or treatment of sleep
disorders.

2. Device features used for medical purposes should remain regulated, but this can and should be
distinguished from features used for general sleep, physical activity, and other physiology
tracking features that should remain unregulated but where quality standards should be
upheld.

3. CHT features that are not explicitly ‘medically certified’ should carry a statement cautioning
unsupervised interpretation of device outputs. In particular, their uncertain performance for
sleep measurement in contexts known to reduce accuracy should be declared unless solutions
to address these are in place (i.e. extremes of age, persons who have difficulties with sleep
initiation or maintenance, or known sleep or chronic medical disorders).

8.0 SUMMARY AND FUTURE RECOMMENDATIONS

These World Sleep Society Recommendations aim to provide timely and practical recommendations to
users, researchers, clinicians, and manufacturers on consumer-centric wearable health trackers (CHTSs)
for sleep monitoring. As outlined, multiple factors must be considered when using CHTs for sleep
tracking, including understanding how sleep is deduced from physiological signals and factors that
influence these signal outputs (e.g., conditions that impact movement), and differences in variable
definitions across devices (e.g., clarity around ‘sleep scores’).

Despite these challenges, this task force believes that many CHTs have various uses for healthy adults
(e.g., self-discovery, preventive health), people with sleep symptoms (e.g., identifying characteristics of
disordered sleep), and people with chronic sleep disorders or medical conditions (e.g., screening for
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sleep-disordered breathing, engaging patients). Clinical implementation of CHTs has the potential to
transform sleep medicine, and there are considerable research opportunities to test these devices in
clinical settings. The wealth and multidimensionality of physiological and behavioral data that can be
gaged with CHT create unprecedented opportunities for manufacturers and researchers to develop
innovative sleep metrics that predict human performance and health outcomes more accurately than
traditional approaches.

Performance evaluation will be continuously needed as these technologies are developed and refined.
Key gaps include 1) performance evaluation in younger and older people and people with chronic
health conditions; 2) performance evaluation of other emerging device classes, e.g. nearable health
trackers, which have been investigated much less than wearable health trackers.

These recommendations also support some level of standardization across the rapidly growing
industry, with an aspiration for manufacturers to adopt a common set of core sleep metrics (like the
proposed FSM) and standardized performance evaluation. This will enable the development of
normative values for sleep and respiratory metrics provided by CHTs to help identify abnormal cases
for medical investigation.

In summary, CHTs present an unprecedented opportunity to engage individuals in learning about their
sleep patterns and observing the impacts on their performance and health. Given that self-
management is the cornerstone of behavior change, technologies that provide motivation and insights
into healthy behavior change should be applauded and encouraged. While hurdles remain in device
development, integration, and regulation, it is becoming increasingly apparent that CHTs (and inter-
device integration) will be critically useful for individuals to manage their sleep health, for researchers
to gain new insights into global sleep patterns, and for healthcare professionals to support the clinical
management of their patients. Co-creation between manufacturers/researchers/clinicians is needed to
identify and support use cases for the betterment of sleep health globally. Alignment by various
parties to the principles outlined in this document is an important step in that direction.
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Figure captions

Fig. 1 Schematic showing data flow from participant to a portable e-record and suggestions to improve data
handling at each stage of the chain. EHR: Electronic Health Record.

Fig. 2 Schematic showing measures used in wake-sleep classification as inherited from laboratory studies and
the challenges in inferring “Lights off” (a proxy for intention to sleep) and “Time Attempting to Sleep (TATS)”
automatically in real life as illustrated by an individual using their phone in bed after Lights Off. This complicates
the determination of real-world ‘sleep latency’ outside the lab. Following the last epoch of sleep, which marks
the end of the sleep period, some people lie in bed quietly before moving more. Periods of resting wakefulness
that flank the sleep may result in the incorrect classification of wake as sleep. Others try to fall back asleep,
complicating the assessment of Wake After Sleep Onset (WASQO) and TATS End. ‘Lights On’ is a proxy for the end
of ‘Time in Bed’ but inferring this timing is again difficult / impossible without some user or additional sensor
input. AASM: American Academy of Sleep Medicine; TST: Total Sleep Time.

Fig. 3 A. Bland-Altman plot of a comparison of the assessment of TST by a CHT with PSG showing low systematic
bias and no proportional bias. B Bland-Altman plot showing minimal systematic bias but large negative
proportional bias. C. Epoch-by-epoch 4-class sleep stage agreement D. 4-Class Confusion matrix.

Fig. 4 Suggested guidelines for acceptable CHT sleep staging performance according to intended device use.

Note that gaps between kappa value specifications between classes are left as these values are ‘gray’. All the
values provided here should be considered ‘indicative’. (adapted from [12])
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PRELIMINARY RECOMMENDATIONS FOR DEVICE QUALITY ACCORDING TO USE CASE

EEG-based wearable

2-stage kappa: 20.75
4-stage kappa: 20.75

Good for: Users who require highly accurate
sleep staging performance in patient studies

Clinicians/researchers studying
samples with sleep disorders and
fragmented sleep.

Clinical trialists requiring
uncompromising quality.

Mot available to ordinary consumers.

Iteratively improved CHT
2-stage kappa: 0.55-0.70
4-stage kappa: 0.45-0.70

Good for: Users assessing sleep longitudinally
in persons without highly disordered sleep

* Researchers evaluating population
health involving mostly persons with
non-disordered sleep.

+ Consumers who desire highest quality
sleep measurement.

Low-cost CHT
2-stage kappa: < 0.35
4-stage kappa: < 0.35

Good for: Cost conscious users requiring only
basic sleep period logging

+ Users satisfied with logging of time-in-
bed and can tolerate poorer sleep
measurement accuracy.

+ Not suitable as an independent device
for research.
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