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INTRODUCTION

The previous American Academy of Sleep Medicine (AASM)
Consumer and Clinical Technology Committee and the subse-
quent Technology Innovation Committee have assessed a wide
range of consumer and clinical sleep technologies. These assess-
ments are available for AASM members on the AASM website
(#SleepTechnology, found in the clinical resources section).1

Sleep device/application (app) assessments include product
claimed capabilities, narrative summaries, Food and Drug
Administration (FDA) status, sensors,mechanisms, dataoutputs,
raw data if available, application programming interfaces (APIs)
if accessible, similar devices/apps, and if there are peer-reviewed
validation studies or clinical trials. Assessments are intended to
assist members in general product understanding and do not rep-
resent product endorsement. An updated list of commonly used
sleep (device/app) technology terms, in order from simple to
more complex terms, is provided in Table 1.

Over the past few years, we have seen the evolution of some
consumer sleep technologies used for self-tracking and/or self-
help, to devices/apps with potentially meaningful clinical diag-
nostic, therapeutic, and/or long-term data tracking uses. SeeFig-
ure 1 and the following descriptions of types of sleep device/app
technologies.

Consumer grade technologies generally promote sleep self-
awareness and/or may provide suggestions for improving sleep.
Definitions of metrics like “sleep quality” or “sleep scores”
may vary between devices/apps. Consumer devices/apps do not
require a prescription. They may or may not be registered for
FDA wellness and sports use.2 Popular sleep/wake tracking

smartwatches are an example of consumer long-term sleep-
wake self-tracking.

Clinical grade technologies require a prescription, are often
FDA cleared or approved, and typically have some peer-reviewed
validation studies. Continuous positive airway pressure (CPAP)
datatrackingbyproviders isanexampleoflong-termremotepatient
monitoring (RPM),which offers enhanced care by providing clini-
caldatamonitoringbetweenvisits.Byproviding interimcare, some
RPM may be reimbursable.3–5 Clinical grade technologies often
utilize product-specific, proprietary artificial intelligence (AI),
machine learning (ML), or deep learning (DL) algorithms.

Hybrid and/or transitional technologies represent an array
of technologies. A hybrid technology may represent a technol-
ogy for which one of its sensors is FDA cleared or approved for
a specific metric, but whose overall claimed data output has not
been validated or FDA cleared or approved. A transitional tech-
nologymaybeone that is in theprocessofapplyingforFDAclear-
ance or approval using preliminary (often internal, unpublished)
studies. Hybrid and transitional technologies frequently utilize
product-specific, proprietary AI/ML/DL algorithms.

Previous statements developed by the AASM Consumer and
Clinical Technology Committee recognized potential benefits,
limitations, and risks of sleep-related technology disruptions.6,7

In the context of the fast pace of sleep technology development,
sleep medicine professionals look forward to technological
advancements while considering these developments thought-
fully and scientifically before embracing them. This noted, the
previous rapid pace of sleep technology development has been
propelled even faster by the unexpected 2020 expansion of con-
sumer and provider interest in self-monitoring physiological
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data, telemedicine, remote testing, remote data monitoring, and
novel device sensor and AI/ML/DL integrations catalyzed by
the COVID-19 pandemic.8–11 Sleep technology sensors, such
as pulse oximeters or EEG sensors, have been added to previous

consumer grade rings, watches, eye or head bands, and other
wearables or nearables. Proprietary AI/ML/DL algorithms,
such as those using heart rate variability (HRV), have assisted
in the progression from consumer to transitional and clinical
grade sleep technologies.

Thus, the need for clarification in how to evaluate rapidly
evolving and diverse consumer and clinical sleep technology
types anduses has becomeevenmore timely to sleep providers.12

Specifically, confirmingvalidationofproductmarketingclaimed
capabilities can be a challenge for busy clinicians who may be
seeking peer-reviewed, randomized controlled studies for each
device/app. However, such traditional validation studies may
require too long of a time frame to complete and publish for
real-time assessments of device/app performance or accuracy.
For rapidly emerging technologies, novel validation processes
may help lead to faster integration into clinical care applications.
Examples may include outcomes-based or AI/ML/DL assisted
validation.With thesechallenges inmind,wepropose the follow-
ing items for clinicians to consider when evaluating the wide
range of consumer, hybrid or transitional, and clinical sleep-
related technologies:

� Awareness of FDA terms
� Defining sleep term definitions across devices/apps
� Defining populations

Table 1—Commonly used sleep device/app technology terms.

Wearable Devices that are worn to provide physical data or feedback

Nearable Nearby contactless devices that provide physiologic or environmental data or feedback

Sensor A device that measures a physical input and converts it into understandable data

Photoplethysmography (PPG) PPG sensors use a light source and a photodetector to measure blood flow changes, which provide
signals that may use AI/ML/DL algorithms to deliver data outputs such as sleep stages

Sleep score or quality Often a product specific computation of “sleep quality” derived from questionnaires and/or sensor data

Sleep stages Device/app reporting of sleep stages such as “light sleep” or “deep sleep” that may vary in type of data
acquisition, derivations, and definitions between devices/apps; staging may be derived from
proprietary AI/ML/DL algorithms such as using PPG heart rate variability (HRV) rather than
standard polysomnographic EEG scoring rules

Patient generated health data (PGHD) Health care related data that are generated by patients and collected for the purpose to address a
health concern or issue

Mhealth (mobile health) The use of mobile phones or other wireless technologies to monitor and exchange health information

Software as a medical device (SaMD) Software intended for medical uses that does so without being part of a hardware medical device

Mobile medical app (MMA) A mobile app whose functionality meets the definition of a medical device

Clinical decision support (CDS) software SaMD software risk categorization established by the International Medical Device Regulators Forum
to determine if a software treats, diagnoses, or drives or informs clinical management

Artificial intelligence/machine learning (AI/ML) as
an SaMD

SaMD that may have “locked” AI/ML algorithms or “adaptive learning” algorithms that may be
assessed using an FDA Precert total Lifecycle product approach

Remote data monitoring Monitoring of data remotely

Remote patient monitoring A subset of remote data monitoring that is used clinically

Application programming interface (API) A software interface that allows two or more applications to exchange information such as with an
electronic health record

Algorithm A sequence of statistical processing steps to solve a problem or compete a task

Artificial intelligence (AI) The broad use of computer algorithms to simulate human tasks and thinking

Machine learning (ML) A subset of AI that uses data training sets to make predictions and decisions without explicit
programming

Deep learning (DL) A subset of ML that enhances a deeper dive into smaller patterns of artificial neural networks

Figure 1—Sleep device/app types.
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� Data integrity
� Applications of new sensors, new sensor applications, or

other novel technologies
� Awareness of proprietary AI/ML/DL algorithms
� Defining validation methods for claimed capabilities

AWARENESS OF FDA TERMS

Evaluation of sleep devices/apps is enhanced by an understanding
of FDA terms. Unless the product has a specific exemption, FDA
classification is generally based on the device/app safety risk, the
intended use, and the indication(s) for use.13,14Premarket notifi-
cation,or510(k)FDAclearanceformarketing,allowstheFDAto
determine if the product is equivalent to a “predicate” device/app
already placed in Class I (low risk), Class II (moderate or higher
risk than Class I), or Class III (high risk) type category.15 510(k)
clearance is often required for Class II devices/apps and does not
require clinical trials. The device/app requires: (1) Having the
same intended use AND technological characteristics as the pred-
icate device OR (2) Having the same intended use AND different
safe and effective technology. The FDA 510(k) gives marketing
clearance (but not “approval”) to such Class I or II devices. Pre-
market approval (PMA), typically used for Class III devices
and more in-depth than 510(k), requires that the device is safe
and effective. ThePMAprocess generally requires human clinical
trials supported with lab testing.16 FDA approval requires suc-
cessful PMA or a specific exemption before a device can be mar-
keted. FDAGranted is a new term by which the device/app uses
the De Novo pathway before it can be marketed. The De Novo
pathway is offered for Class I or II devices with low to moderate
safety risk when there is no similar predicate device.17

General Wellness devices/apps do not require FDA 510(k)
clearance or PMAapproval, and theymay ormay not beFDA reg-
istered or require enforcement discretion.18 These Wellness and
Sportsdevices/apps: (1)Have lowsafety risks to the user or others,
(2)Are intended forwellness purposes, (3)Donot directly purport
to diagnose or treat a disease or medical condition, and (4) Do not
require FDA clearance or approval. Of special note, some popular
health/sleep watches may be wellness type or may have FDA
510(k) clearance as a Class I or II medical device. The FDA also
has provided guidance on mobile medical apps (MMA).19 The
FDA does not have a policy for the storage or platforms for these
apps. However, some mobile apps may fall under the FDA soft-
ware as a medical device (SaMD). The FDA provides guidance
forSaMDwhicharedefinedas softwareused formedicalpurposes
that do sowithout being part of a hardware medical device.20 Fur-
ther, through the FDA Digital Health Center of Excellence, the
FDA is providing guidance and advanced digital pathways for
other SaMD type apps such as the International Medical Device
Regulators Forum risk categories for clinical decision support
(CDS)software, theFDApatient-generatedhealthdatathroughout
the total product life cycle (TPLC) device/app approach, and the
AI/ML as SaMD approach.21 Like the other FDA designations,
these device/app pathways are guided by safety risk, intended
use, and indications for use. Devices@FDA provides one place
where you can find official information about FDA510(k) cleared

and PMA approved medical devices/apps. This includes summa-
ries of currently marketed medical devices/apps.

DEFINING SLEEP DATA TERMS ACROSS
DEVICES/APPS

The use of multiple or nonspecific definitions for sleep-related
terms may be encountered when reviewing sleep devices/apps.
For example, sleep quality, sleep scores, light and deep sleep,
and other terms may have variable definitions across devices/
apps. Ideally, terminology should be specifically defined and
reproducible across comparable consumer or clinical outputmet-
rics. Some commonly used sleep device/app and technology
terms are listed in Table 1.

In addition, some platforms claim to integrate multiple con-
sumer and/or clinical data outputs.22,23While integrated platforms
may alloweasier data and report access, terms across devices/apps
may carry different meanings, which may cause confusion partic-
ularly ifusinganintegratedplatformwithmultipledatasourcesand
sleep term definitions. For example, definitions, derivations, and
outputs of “light sleep”may vary across devices/apps.

Additionally, integration of consumer or clinical device/app data
directly into the patient’s electronic health record (EHR), a legal
medicaldocument,alsoraisesquestionsaboutusingconsistentsleep
terms, device/app data validation, who reviews and owns these vast
newly available datasets, and accepted standards for uses of such
data within the EHR. Health care disciplines have come to expect
standardizeddefinitionswhenproducts areused for researchor clin-
ical purposes.24,25 More relevant to the sleep field, the Consumer
TechnologyAssociation (CTA) and theNational Sleep Foundation
(NSF)haveproduced threewhite papers specific to definingdevice/
app terminologies for researchers, clinicians, industry, and consum-
ers. Developed jointly by CTA and the NSF, Definitions and Char-
acteristics forWearableSleepMonitors (2016) andMethodologyof
Measurements for Features in Sleep Tracking Consumer Technol-
ogyDevicesandApplications(2017)provideafoundationfordefin-
ing sleep terms for use across different sleep apps and devices.26,27

These groupsdiscuss standardizing sleepmetrics in termsof events,
processes, and patterns in Performance Criteria and Testing Proto-
cols for Features in Sleep Tracking Consumer TechnologyDevices
andApplications(2019).28Thisworkinggroupisanexampleofhow
clinicians, researchers, developers, and industry can benefit from
collaboration.29

DEFINING POPULATIONS

Validated and/or FDA cleared/approved devices and apps may
not necessarily be validated for all age ranges, or for populations
with sleep disorders and/ormedical comorbidities, or for patients
taking certain medications or having implantable devices. Sleep
“best practices,” accepted standards of care, quality measures,
and clinical guidelines include indications and contraindications
for testingofspecifiedpopulations.30–39Forexample,homesleep
apnea testing (HSAT) isgenerally indicated forpatientswhohave
been prescreened for uncomplicated obstructive sleep apnea
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(OSA) testing (such as patients without significant cardiopulmo-
nary comorbidities). A sleep device/app should indicate if its
claimed use is for a particular consumer or patient population,
as well as cite any exclusionary populations. For technologies
thatwillbeused todiagnosesleepdisorders,direct treatmentdeci-
sions, or drive personal or population health, clear definitions of
the claimed uses for specified populations are indicated. Popula-
tion demographics of the accessible datasets should accompany
these devices/platforms to inform generalizability. These mini-
mum, general requirements are much like the FDA’s digital
health action and innovation plans.40,41

DATA INTEGRITY

Considerations for the integrity of patient generated health data
(PGHD) include:whomayaccess device/app data, privacy, own-
ership, storage, security, raw data review, API accessibility or
appropriate platform integration (such as with an EHR or with
other entities). Raw data review and interpretationmay bemean-
ingful features to somesleepproviders, as in thecaseof reviewing
the raw data of apnea testing devices. Who may view, own, or
share the data, may be other important features to users. Approx-
imately 45%of smartphone devices have health or fitness apps,42

and the security of PGHD and personal health information has
received recent attention.43 Health care entities appear to be a
favored target for hackers.44 In a 2020 security report on global
mHealth apps, a leading app security firm reported that 71% of
health care and medical apps had vulnerability, and 91% had
weak encryption.45,46 APIs are reported to be highly vulnerable
to hacking, including EHR access.47 Of current relevance, the
21stCenturyCuresActhasdirected thatpatientsareable toaccess
their EHR data as of April 2021, often using APIs.48 Also rele-
vant, the Office of the National Coordinator for Health Informa-
tionTechnology(ONC)supportsusingstandardizedAPIssuchas
the Fast Healthcare Interoperability Resources (FHIR) and
endorses eradicating information blocking.49,50 The American
Medical Association has provided guidelines about protecting
PGHD.51 Further, the bidirectional information flow from and
to a medical device is a consideration.While there are no current
reports of hacking sleep medical devices, the FDA has warned
about the ability to hack medical devices such as pacemakers,
insulin pumps, and other devices.52–54

APPLICATIONS OF NEW SENSORS, NEW SENSOR
APPLICATIONS, OR OTHER NOVEL TECHNOLOGIES

Wearable sleep sensors may collect data using finger probes,
nasal/oral/mask sources, rings,watches/wrist bands, torso bands,
skin patches, eyewear, forehead or headbands or caps, smart gar-
ments, shoe inserts, leg bands, or other worn devices.55,56Near-
ables often are located on a bedside stand or under the mattress.
Types of nearable sleep tracking include ballistocardiography
vibration (for respiratory and heart rate, stroke volume), sound,
light, temperature, humidity, and movement sensors.57–60 Like
wearables, nearables often report user snoring, sleep times, stag-
ing, and “quality.”61

Sleep clinicians and researchers are familiar with triaxial
accelerometers for actigraphy or polysomnographic (PSG) sen-
sors such as EEG, EOG, ECG, EMG, nasal/oral airflow sensors,
torso belts, pulse oximeter,microphone, and camera.Newer con-
sumerandclinical sleep technologiesmayutilizecombinationsof
these sensors, other sensors, or novel applications of sensor data
that may increase the accuracy or performance of the output data
such as sleep staging.62,63 Examples of other sensors include skin
temperature, radar/radiofrequency, sound, environmental sen-
sors, ingestibles, and others.63–65

Further, using AI/ML/DL, some sensor data has been trans-
formed and extended for other uses and applications. For exam-
ple, like a pulse oximeter, a photoplethysmography (PPG)
device uses a light source (through vascular tissue with pulsatile
blood-volume flow) and an oppositely positioned photodetector
to measure changes in light intensity. The light source wave-
length(s) and its application type and location are often product
specific. The PPGwaveform consists of an AC current (pulsatile
wave) superimposed on aDC current (steady, slow changes with
respiration). Sensitive to motion and other artifact, raw PPG
waveforms are amplified, filtered, and derived to provide outputs
such as heart rate variability (HRV) or peripheral arterial tone
(PAT).66,67 Using datasets and these signals, AI/ML/DL algo-
rithms are used to provide users with familiar data such as
apnea-hypopnea index (AHI)or sleep stages.68–76Note thatpulse
oximetersmaybeaffectedbypositionon thehemoglobin-oxygen
desaturation curve, poor pulsatile flow, hypoxia, motion, skin
tone, and other settings.77–79 Similarly, products utilizing PPG
may have variable accuracy in different conditions and popula-
tions. Additionally, a product algorithm is specific for a sensor
at a specified location, type of light source, and its type of appli-
cation and data acquisition. For example, data derived from one
fingertip sensor brand cannot be generalized to another device’s
fingertip or wrist application.

Manynewerclinical,hybrid,andevolvingtransitionalsleeptech-
nologies incorporate triaxialaccelerometerandPPGsensorsanduti-
lizeproprietaryAI/ML/DLalgorithms toreport sleep-relateddata.62

However, each device generally utilizes different sensor designs,
data collection and analysismethods, andAI/ML/DL data interpre-
tation.Thus,sensorcollection,location,analysis,andoutputssuchas
PPGmaydiffer acrossdevices.As such, assessingvalidationor per-
formance of claimed usesmay be proprietary, product specific, and
notgeneralizableacrossotherdevices.Proprietary sensorsandasso-
ciated algorithmic outputs are device/app specific.

AWARENESS OF PROPRIETARY
AI/ML/DL ALGORITHMS

Sensors allow the collection of vast amounts of physiologic and
environmental data, andAI-basedanalytics arewell suited topre-
sent digestible data outputs and summaries to patients, providers,
and researchers. To display user-friendly data output, sleep
device/app softwaremay use AI/ML/DL to incorporate consumer
or patient-entered data and data from one or more sensors.80–82

Based on ongoing user entered and/or physiological data
collection, some AI/ML/DL software may advise or make
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patient-centered, focused recommendations to a consumer or to a
patient. For example, CPAP or insomnia software may provide
coaching based on collected data. Using learning datasets, AI/
ML/DLalgorithmslearnfromdatatoimproveperformanceonspe-
cific tasks (forexample, automated sleepstaging).Suchcomputer-
ized algorithms are often proprietary, not easily summarized, and
maybereferredtoasa“blackbox.”83However,evenwhileremain-
ingproprietary, disclosure of certainaspects of algorithmdevelop-
mentand testingcan improve transparencyand, therefore, increase
confidence in the clinical use of such tools.84,85

When AI/ML/DL analysis is applied to a new technology to
track sleep, information regarding both the training and testing
dataset should be disclosed including the size, demographics,
and clinical features of participants from which the data is
derived. Examples of shared sleep datasets are available.86

As the first clinical applicationofAI/ML/DLinsleepmedicine
is likely to be the automated scoring of sleep and associated
events, a certification program could provide a framework to
guide sleep laboratories in the use ofML-based scoring software.
In addition to disclosure of minimum characteristics of training
and testing sets and reporting of performance of statistics on a
novel, independent testing set, such a program will also require
manufacturers to assist sleep laboratories with demonstration of
local performance in their own facility.

DEFINING VALIDATION METHODS FOR THE
DEVICE/APP CLAIMED CAPABILITIES

Providersandresearcherscommonlyexpectclinical (diagnosticor
treatment) validation studies to be peer-reviewed, gold standard
comparisons, randomized clinical trials, and/or outcomes-based
or population health-based strategies. Clinicians generally use
the requirement of a prescription or some type of FDA verbiage
toguidecomfort inusingaproduct.Thisnoted, usersmayencoun-
ter difficultieswhen searching for support or validationof product
marketing statements about claimed uses.87 Additionally, sleep
stage validation for consumer or clinical sleep devices against
gold standardsmay be an indirect comparison of different sensors
and interpretivederivations.For example, the formermayusepro-
prietaryAI/ML/DLprocessed heart rate signals compared against
polysomnographic sensor data using EEG, EOG, EMG.25

Determining the accuracy or performance of sleep device/app
claimed uses can be challenging for a variety of reasons:

� A descriptive name for a sensor may vary in accuracy
across specific devices. For example, the accuracy of pulse
oximeters may vary across products.

� Sensor or device position and/or environment may affect
data collection.

� Validation for the claimed uses may not specify inclusion/
exclusion for the intended population use (such as for cer-
tain age ranges, healthy vs users with sleep or medical
comorbidities, users with pacemakers or taking certain
medications, other conditions).

� Cited articlesmay be exclusively performed and/or funded
by the product company and/or inventor.

� Cited articlesmay refer to general sleep principles but lack
specific validation for that particular product claim. For

example, the referencing of general light wavelength and
circadian studies does not verify that a particular light-
related device/app has authenticated the claimed use for
that specific light-related device/app.

� Cited validation articles may be for one sensor, but not for
the integration with other sensors or the associated propri-
etary AI/ML/DL algorithms for that product claim. Vali-
dation or FDA clearance of one sensor does not necessarily
ensure fidelity of the entire technology, which requires
sound methods of data collection for all incorporated sen-
sors as well as data transmission and analysis methods.
Some devices/apps utilizing proprietary “black box” algo-
rithms also may incorporate patient-reported data and
demographics with data from multiple sensors (such as
photoplethysmography, accelerometer, electrocardiogram,
pulse oximetry).

� Software and/or proprietaryAI/ML/DLalgorithmsmaybe
adjusted and/or updated, with or without specific notice to
users.25 Additionally, even when validated studies may be
available, the testing may have been performed on an out-
dated software version or dataset.

For developers who design products intended for medical and
research purposes, traditional “gold standard” comparison vali-
dation studiesmaynotbeapplicableormaybedifficult to achieve
in a brisk marketplace. This noted, transparent validation efforts
and guidelines for choosing sleep technologies clinically or for
research are needed.83 For example, validation may not have to
be limited to traditional “gold standard” comparisons, but rather
could include clinical certification based on comparative out-
come studies, AI/ML/DL validation using shared datasets, and/
or other novel validation approaches. Menghini et al recently
described a standardized framework for testing the performance
of sleep trackers.88

CONCLUSIONS

Like all fields of medicine, sleep medicine is in an era of rapid
technologic disruption that has been further accelerated by recent
care delivery changes, telehealth expansion, and remote data
monitoring accompanying the COVID-19 pandemic. Also cata-
lyzed by the pandemic, consumers have sought devices/apps
that allow sleep self-help measures and data tracking. The influx
ofnewsensorsandmobileapplications,newmodesof remotesig-
nal collection, andnewmethods of datamanagement are generat-
ingmassive informationcaches.AnalyticswithAI/ML/DLcould
realize thepromiseofpersonalizedmedicine,precisionmedicine,
and population health.

There are a broad range of consumer, hybrid and transitional,
and clinical sleep technologies, and providers look to deliver a
consistent message about this range of sleep technologies to
patients. Consumer sleep technologies encourage patients to
think about their sleep and its impact on their health. Such discus-
sionsopenconversationsabout thepatients’sleepconcerns,ques-
tions, or symptoms.

While PSG is considered the gold standard for defining sleep
stage metrics and diagnosing many sleep disorders, PSG is
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limitedby its data collectionoutsideof thehomeand for it provid-
ing only a snapshot in time. Home sleep apnea tests also provide
snapshot data, do not typically include arousals, and may have
variable accuracy of sleep metrics across devices. Actigraphy
too has limits of its data acquisition being expensive and time-
consuming as well as data collection generally for only 2 weeks.
Reliable consumer sleep technologycouldprovidepopular, inex-
pensive, 24/7 sleep/wake data collection over long periods of
time.89 New pathways for diagnostic testing, clinical treatments,
and/or chronic management could emerge from such long-term
data collection and analysis.

SleepprovidersarefamiliarwiththeimprovementinCPAPcom-
pliance with remote data monitoring and patient engagement soft-
ware.90–92 Providers look forward to adding enhanced remote
testing, treatment, and both consumer and clinical data monitoring
sleep technology tools to provide real-time and improved
between-visit care, personalized care, interactive data alerts, and
novel care guidelines based on personalized or population health
big data analytics.AI/ML/DLanalytics of ongoing patient reported
data andphysiologicdataover timeoffernewopportunities tomon-
itor individual and group patient symptoms and physiology in the
home continuously, indefinitely, and in real time. Changes from
baseline data trends could prove invaluable in predicting individual
and group disease onset and/or exacerbations.9,10,93,94

However, before using sleep devices/apps clinically, pro-
viders seek to gain comfort in understanding how to assess the
accuracy, performance, and intended uses of the productmarket-
ing claims. As more devices/apps utilize proprietary AI/ML/DL
algorithms, user confidence is further challenged. Wu et al stud-
ied the 130medicalAI devices cleared by the FDAbetween 2015
and 2020 and found the FDA AI process less vigorous than the
FDA pharmaceutical process.95 As an example, the authors
used a chest X-ray detection of pneumothorax algorithm and
found that it worked well for the original site cohort but was
10% less accurate for two different sites and less accurate for
Black patients. They cite that many datasets are retrospective,
from only one or a few sites, or do not include all representative
populations in clinical settings. Interested clinicians can search
the FDA web database for devices/apps that have obtained
510(k) clearance or premarket approval. Yet, seekers cannot eas-
ily do similarFDAwebAI/ML/DLsearches, andBenjamens et al
have created an open access database of strictly AI/ML-based
medical technologies that have been approved by the FDA.96

As described in this paper (and Table 2), a practical checklist
for clinicians when evaluating sleep product claimed uses
includes: awareness of FDA terms, familiaritywith product sleep
term definitions, use with particular populations, data integrity
considerations, recognizing sensor types and applications,
awarenessofproprietaryAI/ML/DLalgorithms,andclarification
of validation methods used for the product claimed uses. At pre-
sent, evaluating product claimed uses requires time-consuming
verification and/or familiarity for each unique device/app. Until
there are consistent performance standards for these elements
across devices/apps, providersmay continue to feel unsure about
clinical use of the many and diverse sleep technologies. Recent
guides have been proposed for developers to use to document
the performance of product claimed uses, and consumers, clini-
cians, and researchers look forward to this consistency and

transparency.Toprovideuserconfidence, increasedcommunica-
tions and collaboration between industry, government, insurers,
clinicians, researchers, and consumers couldhelp to create a stan-
dard framework for reporting of product performance.
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