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Abstract

The National Center on Sleep Disorders Research of the National Heart, Lung, and Blood Institute at the National Institutes of Health
hosted a 2-day virtual workshop titled Big Data Approaches for Novel Mechanistic Insights on Disorders of Sleep and Circadian Rhythms on
May 2nd and 3rd, 2024. The goals of this workshop were to establish a comprehensive understanding of the current state of sleep and
circadian rhythm disorders research to identify opportunities to advance the field by using approaches based on artificial intelligence
and machine learning. The workshop showcased rapidly developing technologies for sensitive and comprehensive remote analysis of
sleep and its disorders that can account for physiological, environmental, and social influences, potentially leading to novel insights
on long-term health consequences of sleep disorders and disparities of these health problems in specific populations.
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Statement of Significance

The continuously evolving field of sleep research holds substantial promise for improving public health by harnessing the power of
data science and technology. The integration of a wide variety of sleep-related data sources ranging from public health surveys to
outputs from sophisticated wearable sensors permits unprecedented insights into the influences of sleep on overall health and the
mechanisms involved. This report summarizes a workshop on Big Data and Sleep conducted by the NIH that showcased the latest
developments in the field and identified opportunities for future research.
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The continuously evolving field of sleep research holds substan-
tial promise for improving public health across multiple facets
of life by harnessing the power of data science and technology.
The integration of a wide variety of sleep-related data sources
ranging from public health surveys to outputs from sophisticated
wearable sensors permits unprecedented insights into the influ-
ences of sleep on overall health and the mechanisms involved.
This enhanced understanding has further implications, fostering
advancements in cardiovascular, immunological, metabolic, and
mental health.

Sleep studies have produced a wealth of rich, multimodal
digital data with sources ranging from electronic health records
(EHRs) and wearable technology to passive data streams and
animal data, comprising a vast trove of information to be har-
nessed [1-9]. However, there is a growing consensus that this data
is not currently being used to its maximum potential. Moreover,
this surge in data availability and complexity necessitates robust
analytical techniques capable of both handling this volume of
data and deriving meaningful insights [10-12]. Accordingly, new
artificial intelligence (Al)-based approaches for data analysis are
necessary for full utilization of this data.

The evolution of Al began as early as the 1950s with the devel-
opment of “learning” algorithms capable of developing expertise
in playing checkers and automated reasoning algorithms that
validated several mathematical theorems. The 1970s and 1980s
saw significant advances, setting the stage for the development
of more sophisticated Al algorithms [13-15]. In the past 10 years
there has been an exponential increase in Al research and appli-
cations, including advancements in deep learning [16-18]. At
present, Al technology is integral to smart homes, smartphones
[19], wearable devices [20], and generates large amounts of digital
data [21, 22].

Federal regulations promoting EHRs have catalyzed the use
of Al in health care by providing extensive data for analysis. Al
tools automate the processing of these data, translating vast
amounts into actionable insights, ultimately aiming to improve
patient outcomes [23-25] and reduce physician burnout [26].
Additionally, the integration of “Transformers” (a type of neu-
ral network architecture that transforms or changes an input
sequence into an output sequence) [27-30] and “Generative Pre-
trained Transformer” models [31-33] has revolutionized the field.
These models process massive data sets from a variety of modal-
ities to enhance data analysis.

Alis currently employed in a variety of healthcare applications,
including cardiology, where it has shown promise in interpreting
electrocardiograms, potentially surpassing traditional analysis
methods in detecting arrhythmias with smaller data samples
[22, 23]. The application of transformer models and a variety of
technologies for the analysis of these data has enabled significant
insights into sleep patterns and anomalies.

In sleep research, the capture of sleep data is facilitated by
remote monitoring of sleep and related physiological parameters
through the development and use of various innovative devices.
Although sleep wearable [34, 35], nearable [36] and airable devices
[37] have predominantly been utilized in consumer settings,
the feasibility of their integration into clinical environments is
increasing. These technologies permit remote clinical sleep mon-
itoring, heralding new possibilities for patient care outside tra-
ditional settings. For example, popular devices like Fitbit, which
accumulated over 6 billion nights of sleep data [38], have aided in
capturing metrics such as sleep duration [39, 40], rapid eye move-
ment cycles [41], and varying sleep patterns [42]. However, despite

their widespread use, there are ongoing concerns regarding the
quality and reliability of the data these devices produce [43, 44]
and whether the data collected is representative of minoritized or
underserved populations.

As digital technology permeates everyday life, the ubiquity of
smartphones presents a feasible avenue for sleep data collection.
Today, smart device interactions are frequent throughout the day,
and with many U.S. residents owning fitness trackers, the tran-
sition towards integrating these devices into health monitoring,
including sleep, is accelerating. Notably, the trend is shifting
towards less intrusive monitoring, or airables (devices incorpo-
rated into the bedding), indicating a potential shift in consumer
preference toward less contact-dependent sleep-tracking meth-
ods [45].

Future technological developments will include novel
approaches in sensor designs, such as multi-layer electroenceph-
alogram (EEG) tattoos, flexible skin electrodes [46], and wearable
devices capable of monitoring a wider range of biological signals
(e.g. pulse oximetry, sweat analysis) [47]. Such advancements
could facilitate less intrusive and more accurate sleep monitoring.

Wearable devices collect “raw” data directly from their sensors,
which may include accelerometry, (measurement of movement),
photoplethysmography, (blood flow and heart rate), tracking of
body and environmental temperature, and high-granularity pulse
rate. This raw data is then processed into aggregated data, yield-
ing insights into sleep structure, circadian rhythms, activity pat-
terns, respiratory metrics, and cardiovascular information [48].

However, there are limitations to remote monitoring
approaches. Despite the progress and adoption of these technol-
ogies, a significant challenge remains concerning the algorithms
used by different companies. Often proprietary, these algorithms
operate within “black boxes,” making it difficult for researchers
to evaluate or improve upon the data analysis and harmoniza-
tion processes without understanding the algorithmic decision-
making involved. This situation can result in variations in the
accuracy and reliability of sleep duration measurements and
other data derived from these devices [49, 50] and may limit con-
sortia and/or data-sharing opportunities. Challenges associated
with the incorporation of wearables and data coordination in
clinical trials include integration issues, as wearable data can be
difficult to integrate with other clinical variables due to varying
data formats and standards. Additionally, ensuring the consist-
ency and accuracy of wearable data when integrated with other
clinical data can be difficult [51]. Wearable data are largely col-
lected in free-living settings and are typically noisier than more
traditional data, requiring substantial data-cleaning efforts
[52]. Standardization and workflow improvements are needed
to ensure equitable access to and management of data and to
address potential biases and disparities that might worsen due
to variations in data collection and integration practices [53, 54].
Finally, the pandemic accelerated interest in decentralized clini-
cal trials, highlighting the importance of accurate data collection
from remote participants [55-57].

Insi%hts Achievable With Currently
Available Sleep Data Resources

Public data resources including cross-sectional surveys such as
the Behavioral Risk Factor Surveillance System [58-60], and the
National Health and Nutrition Examination Survey, conducted
by the U.S. Census Bureau and the Centers for Disease Control
and Prevention, collect data on a variety of sleep parameters,



including sleep duration, subjective perception of insufficient
rest [61, 62], sleep schedules, disorders, and difficulties [10, 63, 64].
Large-scale cohort studies, such as the All of Us program, pro-
vide longitudinal data useful for understanding sleep patterns
over time and the resultant long-term health outcomes. Since
1972 the Cancer Prevention Study has followed nearly a million
individuals, capturing various data points, including sleep-related
information across its multiple cohorts [65]. The National Sleep
Research Resource (NSRR) is a rich repository that lends substan-
tial support to sleep studies by providing access to an extensive
array of data including physiological signals related to sleep pat-
terns [53, 66, 67].

BioData Catalyst (BDC) is a National Heart, Lung, and Blood
Institute-supported data ecosystem which is tailored to support
various investigations in heart, lung, blood, and sleep disorders
[68, 69]. BDC is a dynamic hub for data integration and sharing,
pivotal in fostering collaborative research across multiple studies
and facilitating the development of scalable solutions. It supports
the construction of custom cohorts within the data and across
different studies, adapting to specific research needs. Additionally,
functionality is being extended further through the development
of a machine learning (ML)-based data model and the integration
of an fast healthcare interoperability resources server to enhance
EHR data exchange [70, 71].

In the context of clinical and epidemiological research, par-
ticularly in sleep studies, handling big data effectively can bring
immense value [72, 73]. Traditional sleep monitoring and scoring
is labor-intensive and has not changed in decades [74, 75]. Initial
studies show that Al models can perform as well or even bet-
ter than human experts in identifying sleep stages and arousal
events during sleep, which could lead to more personalized and
accurate sleep medicine [76]. However, before any meaningful
analysis can begin, a significant effort is necessary for preparing,
cleaning, and harmonizing data from diverse sources. This pro-
cess is often slow but crucial for ensuring the quality and relia-
bility of the findings.

Integration of Diverse Features of Sleep-
Related Information

Newer wearable technologies gather several aspects of sleep-
related data that can be integrated to provide a more compre-
hensive view of sleep health [77]. Addition of metrics like body
movement, the menstrual cycle [78, 79], environmental factors
(temperature, light), and even brain wave activity from new sen-
sor technologies can increase the information content further
[80]. However, consumer-grade wearables, while revolutionary,
may not have achieved the level of accuracy and standardiza-
tion required for rigorous research and clinical usage [37, 81].
Variability between different devices and the lack of standardized
data interpretation protocols present significant barriers [82].

Many sleep disorders are diagnosed through self-reports and
clinical history [83], while polysomnography (PSG) is indicated in
a subset of them. Accordingly, an essential component of evalu-
ating sleep and its disorders is the use of interview data indicat-
ing individuals’ experience of a good or poor night’s sleep and
patient-reported outcomes (PROs) [84]. This subjective report is
invaluable as it often reflects the real-world nature and impact
of sleep disorders on quality of life better than certain objective
measures. However, while PROs should be highly valued, a bal-
ance of subjective and objective data is necessary for a compre-
hensive assessment of sleep.
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Effects of Disparities, Social Determinants
of Health, and Environment Influences on
Sleep

Developing an inclusive research framework for sleep health
involves considering various disparities and social determinants
of health, using wearable and other remote access technology
for data collection and engagement, making that technology
accessible to underserved populations, and developing precise
and personalized health interventions. Extensive, high-quality
longitudinal data are essential to understand the full impact of
environmental and lifestyle factors on sleep [85, 86]. Considering
factors like environment and lifestyle (‘life vectors”) and their
effects on other health outcomes is crucial [87]. Key environmen-
tal influences on sleep include temperature, night-time noise,
and exposure to artificial light at night [88]. Pathways of impact
are both direct (e.g. noise waking you up) and indirect (e.g. envi-
ronmental exposure-induced stress affecting sleep quality).

Poor air quality (e.g. high levels of pollutants) is another envi-
ronmental concern as it can result in sleep apnea, respiratory
problems, and other disturbances [89]. Air pollution has also been
linked to adverse outcomes such as compromised pregnancy out-
comes (e.g. low birth weight, preterm birth [90]), neurodevelop-
mental issues [91], various mood disorders [92], respiratory issues
(e.g. asthma [93]), and cardiovascular health problems [94].

Pollution is a leading environmental factor for disability-
adjusted life years [95] and is clearly associated with worsened
sleep quality [96]. Several models can be used to predict pollution
levels at specific locations, but existing models vary and produce
different outputs [97, 98]. Bayesian Nonparametric Ensemble
can be used to integrate multiple models, as it balances predic-
tive accuracy as it balances input accuracy across input models,
providing consistency in predictive performance in space and
time and can aid in identifying regions with high measurement
uncertainty for targeted monitoring improvements [99, 100].
Community-level assessments have shown that low-income and
marginalized communities—for example, communities with a
higher proportion of racial/ethnic minority residents—experience
both higher pollutant levels [101, 102], as well as higher uncer-
tainty in determining those levels [103].

Poor sleep health can be a cause, risk factor, determinant, or
outcome related to various health disorders [104]. Accordingly,
it is important to develop precise definitions before crafting tar-
geted interventions and goals. Key considerations include popu-
lation characteristics, economic opportunities, mobility profiles,
environmental, and lifestyle factors as well as light exposure,
social jetlag impacts, and seasonal effects. In addition to inappro-
priate light exposure, pollutants, noise, and temperature, other
factors, such as caffeine consumption, sleep routines, and differ-
ential healthcare access and stress, social isolation, lifestyle pace,
and housing instability should also be considered. Community-
focused research involves a digital health equity model [105]
as a participant-centric research experience allows the collec-
tion of large data sets through remote monitoring devices and
equipment.

Both urban and rural areas can have high rates of short sleep
duration, which negatively affects public health [106]. However, the
issues manifest differently. For example, urban areas may exhibit
significant differences in environmental conditions even within
close proximity, and adjacent neighborhoods can vary significantly
in terms of air pollution, noise levels, temperature, and light pollu-
tion, all of which affect sleep [107]. However, relevant data is often
collected at a macro level (such as by zip code or neighborhood),
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which can mask small-scale variations that are crucial for under-
standing sleep issues and variability. According to the Centers for
Disease Control, rural areas report a higher prevalence of issues
related to falling and staying asleep, indicating the need for devel-
oping robust rural research programs to understand the nuanced
sleep challenges that rural communities face [108].

Overall, harmonizing disparate data sources is critical for
accurate assessment. The process of collecting and interpret-
ing data poses several challenges, particularly in terms of scale
and precision. Data collected at macro levels is useful, but it can
overlook the finer details necessary for personalized health inter-
ventions. For higher accuracy, data should be collected at the
household level whenever possible. Additionally, several studies
have indicated that bias in Al is multifaceted, and recognizing its
different types is crucial for addressing it effectively [109-111].
For example, there can be bias in the sensors and devices used for
data collection, as in the well-known issue of pulse oximeters and
different skin tones and thickness [112].

The deployment of Al in healthcare has the potential to either
help or harm marginalized communities, depending on how well
it is trained and validated. Datasets may have inherent biases
and therefore fail to represent the needs of marginalized com-
munities adequately [113]. Accordingly, it is essential to engage
communities to ensure Al models are trained on data that accu-
rately reflect their specific needs. Community input can consist
of partnerships to involve them in the oversight and development
of databases. Constantly integrating patient voices is essential to
avoid inaccurate assumptions about community needs.

Data-Based Analytics for New Insights in
Sleep Apnea

Sleep disordered breathing (SDB), typically quantified by the
apnea-hypopnea index [114, 115] collected during PSG[75, 116],
encompasses conditions like sleep apnea. Intensive phenotyping
is performed to accurately characterize the full spectrum of the
disorder in patients. SDB has notable economic [117] and societal
impacts [118] due to its high prevalence and significant health risks
if left untreated. Initially, research into SDB genetics focused on
the identification of specific genetic markers [119]. Whole-genome
sequencing has been used to gain a deeper understanding [120].
This comprehensive approach might yield more effective interven-
tions and therapies due to richer, although currently limited, phe-
notypic data on smaller cohorts [121, 122]. However, for complex
traits such as those observed in SDB, larger sample sizes are cru-
cial. This could be achieved by integrating EHR data [123], which is
extensive, relatively low-cost, and chronologically detailed, there-
fore promising for scaling up research efforts. Innovations like nat-
ural language processing (NLP) can help mine unstructured data
such as physicians’ notes for relevant clinical terms [124-126]. This
bolsters the quantity and diversity of data available, simplifies data
collection, and increases its feasibility across different regions.
However, EHR data are primarily intended for clinical and billing
purposes, not research, which presents challenges such as impre-
cise data and variability in coding.

Obstructive sleep apnea (OSA) has garnered significant atten-
tion over the past few years due to its strong association with var-
ious cardiovascular diseases (CVDs) [127]. This health relevance is
critical given the rising prevalence of both OSA and CVD globally.
Intermittent hypoxia, sympathetic activation, oxidative stress,
and systemic inflammation are associated with OSA and play sig-
nificant roles in promoting hypertension, atrial fibrillation, heart
failure, and stroke [128-130].

Current studies seek to identify novel biomarkers that could
offer new insights into how OSA impacts cardiovascular risk, aid-
ing in early detection, and prevention [131, 132]. Additional ele-
ments relevant to clinical and research settings are PROs [133]
and diversity in OSA presentation [134]. PROs provide a crucial
perspective on the condition’s impact beyond physiological meas-
urements. Recognizing the heterogeneity in OSA’s presentation is
key to developing targeted treatments [135].

Initial studies exploring the relationship between OSA and
CVD focused on symptom subtypes in patients with moderate to
severe OSA, which can be classified into major symptom clus-
ters [121]. Leveraging resources like the NSRR has been pivotal
in describing symptom subtypes and understanding their associ-
ation with increased incidence of CVD [136]. However, to ensure
consistent findings, there is an urgent need to standardize assess-
ment methods and metrics across global studies, as differences
in data collection methods may contribute to heterogeneity.
Developing open-source tools and standardized parameters can
help compare and validate research findings [54].

Towards this goal, researchers developed a decision tree and
a minimum set of symptoms, enhancing the identification of
at-risk patients [137, 138]. Other studies with real-world data
sets, including those from Medicare claims databases, have been
leveraged to study the effects of Positive Airway Pressure ther-
apy on cardiovascular risk. Analyses involving >888 000 OSA
patients revealed that continuous positive airway pressure (CPAP)
usage correlated with lower mortality and cardiovascular risk.
Consistency in findings across subgroups highlights the robust-
ness of these results [139].

With respect to gender and sex-specific differences in OSA, a
key issue is understanding the distinction between sex and gen-
der. Sex refers to biological differences between men and women
(e.g. chromosomes, hormone levels, reproductive/sexual anat-
omy). This is critical in medical research to identify physiologi-
cal differences that affect disease presentation and treatment. In
contrast, gender involves societal roles, behaviors, activities, and
attributes that a given culture considers appropriate for men and
women. This impacts health outcomes through various psycho-
social factors, access to care, and societal expectations.

With respect to integrating multiple factors that might influ-
ence sleep disorders, Al, and ML can help identify novel patterns in
sleep data, including complex sleep-related signals, such as cardi-
opulmonary coupling [140]. Furthermore, AI/ML tools can uncover
latent biomarkers and predict disorders based on multisource
data, which includes physiological signals, such as those captured
by sleep EEG, recorded as a component of the PSG and behavior
patterns, such as those captured by wearables or actigraphy [141].

Al algorithms can process vast amounts of data more accu-
rately than traditional methods and ML models can predict
patterns and abnormalities. Applications in diagnosing sleep dis-
orders include identifying obstructive sleep apnea [142, 143], rest-
less legs syndrome [144, 145], and other disorders (e.g. circadian
sleep disorders) and may aid in personalizing treatment plans
based on sleep data. It is critical to understand patient experi-
ences and ultimately incorporate patient feedback into treatment
evaluations and innovations.

Big Data and Al Offer Insights into the Role
of Sleep in Several Chronic Conditions

Obesity is a significant risk factor for cardiovascular disease
(CVD), one of the leading causes of mortality globally, and a
condition with a multifaceted nature driven by the interplay of



biological, environmental, and behavioral factors, which can be
effectively captured and integrated through the use of ML algo-
rithms [146]. Adolescence is a critical period for the development
of obesity. Habits formed during this developmental stage can
persist into adulthood [147], making it essential to identify and
mitigate risk factors early. One significant factor influencing obe-
sity in adolescents is sleep behavior [148]. Reduced sleep can lead
to decreased physical activity [149] increased negative emotions,
greater screen time, and increased food consumption [150], all of
which contribute to obesity [151].

Three thousand adolescents wore a Fitbit for three weeks
as part of the Adolescent Brain Cognitive Development study.
Assessments included cardiovascular fitness using resting heart
rate and daily step counts. Sleep metrics included multiple timing,
quality, and day-to-day regularity measures. Analysis of the data
collected led to the identification of five key interactions defin-
ing risk thresholds for obesity across various socio-demographic
groups. Notably, interactions between race and heart rate, as well
as between economic hardship and sleeping heart rate, highlighted
significant variations in obesity risk. These findings emphasize the
importance of considering race-specific and socioeconomic factors
in understanding obesity risk profiles [146].

The U.S. population is rapidly aging, leading to an increased
prevalence of aging-related conditions, including neurodegener-
ative diseases, such as Alzheimer’s disease and related demen-
tias [152]. Older adults commonly experience sleep disturbances,
such as insomnia, fragmented sleep, and sleep apnea [153, 154].
Poor sleep is linked to adverse outcomes, including cognitive and
functional decline [155-158]. However, sleep disturbances are
modifiable risk factors, offering potential intervention opportuni-
ties to improve long-term cognitive health.

Integrating wrist actigraphy allowed for the collection of exten-
sive data on sleep and rest/ activity rhythms in a subset of cog-
nitively normal older adults with beta-amyloid deposition in the
Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease
(A4) Study and amyloid-negative controls. Applying a data-driven
analytic approach to the actigraphy data showed participants
who were amyloid-positive had higher average levels of and lower
variability in activity in the afternoons across days compared to
participants who were amyloid-negative [159]. Notably, these
differences were not captured by conventional sleep or circa-
dian metrics. Similar findings emerged in an independent cohort
of middle-aged and older adults, supporting the value of data-
driven approaches to analysis of rest/activity rhythm data from
actigraphy for the purpose of discovery [160].

Traditional methods of measuring brain activity and func-
tions are often limited due to their complexity, cost, and intru-
sive nature and often require the subject to be in a controlled,
laboratory environment. New technologies have been developed
to overcome these limitations. For example, a device designed to
analyze radio signals that reflect off people and objects in the
environment was shown to permit the capture and analysis
of the radio signals using Al to extract physiological data such
as nocturnal breathing patterns, sleep apnea indicators, body
movements, and aberrant motor symptoms related to neurolog-
ical conditions [161]. This approach allowed for analyzing sleep-
related signals in an individuals’ home sleep environment and
continuously collected data for days at a time, allowing accurate
longitudinal analyses. The accuracy of this method was shown to
be comparable to results achieved from traditional in laboratory
PSG. Using this method, researchers were able to track changes in
nocturnal breathing patterns in persons living with Parkinson’s
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disease (PD) By analyzing these patterns in over 7600 individu-
als, including over 700 with PD, the disorder was detected with
high accuracy and specificity. Initial diagnoses were followed up
6 years later to confirm the clinically detectable onset of PD in
individuals who were initially undiagnosed but showed early PD
symptoms through nocturnal breathing patterns [162].

Ethical, Legal, and Social Implications of AI/ML and big data
include safety, transparency, informed consent, potential biases,
and data privacy. Further considerations are questions of liabil-
ity, cybersecurity, intellectual property rights, and more [163].
Ensuring that the public is adequately informed and engaged
with emerging technologies is critical [164]. These principles must
be included in any use of big data and Al in sleep research.

Summary

There is considerable value in engaging both research and clini-
cal communities in sleep research. The workshop provided strong
encouragement for investigators to engage more in transdisci-
plinary networking opportunities, especially at specialized sleep
conferences and meetings, as continued collaboration will lead to
meaningful advancements in sleep research and its clinical appli-
cations. There is increasing appreciation of the critical role of sleep
in overall health. However, recognition of gaps in understand-
ing sleep patterns and behaviors across different demographic
groups makes it essential to include existing population-based
data sets to fill these knowledge gaps. Ultimately the goal would
be to improve health outcomes by harnessing sleep data across
different populations and age groups. Use of Al algorithms in this
effort would allow comprehensive analysis and understanding
of the features that are most significant to consider. There was
a robust discussion of the recent progress made in developing
and utilizing data sets, sleep monitoring devices, ML models, and
environmental assessments and optimism that combining these
approaches will enhance understanding and treatment of sleep
disorders.

Workshop-Identified Opportunities
Databases containing sleep data

Opportunities include discovering new patterns in data using
tools like Transformer models to identify novel sleep features and
disorders. Moreover, leveraging transformer models may allow
the prediction of cognitive impairments directly from sleep EEG
data, thus unlocking deeper understandings of sleep data rela-
tions to neurological conditions [165, 166]. Additional opportuni-
ties include using Al to analyze large datasets to identify novel
patterns and predictors of sleep-related health issues. Efforts
could be directed at refining database analyses, including improv-
ing the reliability of International Classification of Diseases (ICD)
code-based phenotyping by integrating various sources of data
like billing codes and healthcare utilization information [167].
Challenges with data source heterogeneity and accurate disease
definition can be mitigated by adopting adjusted methods and
utilizing innovative tools like NLP. In turn, further developments
in NLP could enhance the extraction and categorization of rele-
vant clinical information from unstructured EHR notes.

Wearable, nearable, and airable devices

Future research might focus on comprehensively assessing
device performance and identifying the factors that may lead to
performance failure. Standards for sleep-tracking devices need
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to be established [168] and collaboration with industry is essen-
tial for progress in this area. The availability of extensive new
sources of sleep-related data can lead to the development of new
approaches for defining and measuring sleep and sleep disorders.
This effort will be facilitated by the development of universal
algorithms for sleep characterization, independent of specific
devices [169]. It is critical to ensure that sleep data from wear-
ables today will be compatible and interpretable in the future.
These efforts may be aided by the establishment of an archive
of wearable algorithms for future reference [170-174]. Finally, it
will be critical to examine biases in sensor efficacy related to skin
color, sensor placement, and recording conditions.

Addressing the heterogeneity of OSA

Including symptom presentation is critical in characterizing OSA
heterogeneity. The development and application of better pheno-
typing tools for OSA are essential for advancing clinical research.
Assessing night-to-night variability in OSA severity and its
impact on symptom presentation and cardiovascular physiology
remains a crucial area for future research. Understanding this
variability could refine risk profiles and therapeutic approaches.
Understanding sleep health through multiple parameters
and diverse research methods may aid in developing targeted
interventions to improve the quality of life for those suffer-
ing from chronic pain and other long-term disorders [175-177].
Implementation of strategies for broader inclusion in epidemio-
logical studies may improve outcomes through targeted, diverse,
and deep phenotyping.

Sleep and the health of populations

Studies might include moving beyond population averages to
uncover individual risk profiles and modifying the effects of
sleep. With respect to sex and gender differences, rigorous anal-
yses of menopausal status [178], age, and their effect on OSA
prevalence in women are essential [179]. NLP could be useful
for better identification of menopausal status in research data-
sets [180]. Physiological differences such as disparities in airway
anatomy, muscle function, and hormonal profiles that affect OSA
rates between sexes [181] should be investigated further, along
with the trend for women to exhibit moderate rather than severe
OSA [182, 183]. Analyzing symptom subtypes separately in men
and women and then comparing the results can provide more
detailed information [184]. This can revolutionize the diagnos-
tic and treatment landscape by improving diagnosis rates with
enhanced algorithms to differentiate symptoms and prevalence
more accurately. Al could aid in addressing sex differences in
cardiovascular outcomes related to OSA, lead to a better under-
standing of sex-specific differences in sleep patterns [185] and
leveraging data to predict CPAP responders.

Linking environmental exposures to sleep and
circadian disruptions

Characterizing the role of environmental exposures in sleep and
circadian disorders requires the incorporation and assessment of
multiple variables and datasets to be managed with considera-
tion of privacy, scalability, and expert guidance. It is essential to
ensure that computational resources can handle massive envi-
ronmental datasets efficiently and at reasonable expense. It is
critical to account for spatial and temporal resolution, assessing
data on daily, seasonal, or other time scales. Aligning environ-
mental exposure timing with sleep outcomes is also important
(e.g. air pollution levels during sleeping hours). Finally, ensuring

equitable consideration of disproportionately affected communi-
ties and neighborhoods is crucial.

Key overall opportunities

Efforts directed at standardization in sleep research could
include standardizing study designs, terminology, and analytical
approaches. Establishing a task force for standardizing metrics,
sensors, and outcomes is crucial. The development of consist-
ent standards in data collection and analysis methods could
be coupled with regular evaluation of methods and results to
ensure reliability and accuracy. Collaboration across disciplines,
including clinical and data science, is necessary to tackle these
complexities. Efforts should be directed towards creating open,
collaborative platforms for sharing sleep research data with an
emphasis on validating models and devices across diverse pop-
ulations to avoid biases. It is essential to develop a holistic view
of health, employing AI/ML approaches to integrate individual
and environmental factors and improve understanding of how
these factors interact to influence sleep health. These efforts
will be aided by modern AI/ML tools available to manage and
analyze complex sleep data. As traditional sleep measures (e.g.
one-time self-reported sleep duration) may not fully capture
an individual’s overall sleep health, greater emphasis should be
placed on assessing multiple dimensions of sleep health through
both self-reported and objective measures across multiple time
points. This approach allows for a more comprehensive evalua-
tion of sleep health, accounting for the often-observed discrepan-
cies between subjective and objective sleep measures [186] and
recognizing that sleep health can change over time [187] Recent
studies have employed remote multi-night monitoring of actig-
raphy [188] and sleep EEG [189] to provide more accurate assess-
ments of these issues. Integration of the many factors affecting
sleep in combination with AI/ML analyses may lead eventually to
improved intervention strategies.

Challenges

Al presents numerous opportunities and challenges in public
health, particularly when applied in clinical settings. Challenges
include insufficient oversight and the prevalence of false warn-
ing messages [190], potential exacerbation of disparities if not
properly managed [191], and difficulties in translating Al tools
to real-world usage [192]. Accordingly, to control for these prob-
lems and concerns Al-based algorithms need to be developed and
trained within clinical frameworks. Iterative processes are crucial
for refining Al tools to ensure they perform reliably in real-world
scenarios, with intervention studies focusing on the interface
between Al and human users [193]. Studies need to account for
potential biases and the impact of Al on clinician behavior and
exam quality [110].
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