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Abstract: Background: Accurate sleep measurement underpins clinical diagnosis, research, and consumer health tracking. Over the 

past decade the field has expanded beyond laboratory polysomnography (PSG) to include actigraphy, consumer wearables, contactless 

sensors, smartphone applications, and AI-driven signal analysis. Objective: This narrative review synthesizes recent advances (2020-

2026) in sleep measurement tools, evaluates their comparative validity, and outlines future directions. Methods: A structured, non-

systematic search of PubMed and Embase used MeSH terms and free-text keywords covering polysomnography, actigraphy, wearable 

and contactless sensors, artificial intelligence, and sleep questionnaires, restricted to English-language articles published between 

January 2019 and July 2026; reference lists of key reviews were hand-searched. Results: PSG remains the diagnostic reference standard 

but is limited by cost, access, and the first-night effect. Actigraphy reliably estimates total sleep time and efficiency but performs poorly 

at multi-stage classification. Consumer wrist wearables and smart rings combining accelerometry, photoplethysmography, and skin-

temperature sensing approach 90-95% agreement with PSG for sleep-wake detection, though wake specificity remains variable. 

Contactless radar and under-mattress sensors permit unobtrusive, longitudinal cardiorespiratory monitoring. Deep-learning and 

foundation models increasingly automate PSG scoring and extract prognostic information. Subjective instruments such as the 

Pittsburgh Sleep Quality Index and Epworth Sleepiness Scale remain valuable for perceived sleep quality but show limited criterion 

validity against objective sleep disorders. Conclusions: No single tool is universally superior; each occupies a niche defined by trade-offs 

among accuracy, scalability, cost, and patient burden. Rigorous, standardised validation across diverse populations remains the 

principal need as the field moves toward AI-augmented, multimodal, home-based sleep assessment. 
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1. Introduction 
 

Sleep is a biologically essential process, and its objective 

and subjective measurement is central to both clinical sleep 

medicine and population health research. Historically, the 

gold standard for characterizing sleep architecture has been 

laboratory-based polysomnography (PSG), a multi-channel 

recording of brain, cardiac, ocular, and muscular activity, 

alongside respiratory and oximetric signals, scored 

according to standardised criteria [1,2]. However, PSG is 

resource-intensive, poorly scalable, and susceptible to the 

well-documented "first-night effect", in which an unfamiliar 

recording environment alters habitual sleep patterns [3]. 

 

These limitations have driven rapid innovation in alternative 

sleep-measurement tools over the past five years. 

Actigraphy, wrist-worn and ring-form consumer wearables, 

contactless radar and under-mattress systems, smartphone-

based acoustic sensing, and artificial-intelligence (AI)-

enabled signal-processing pipelines have all matured 

considerably, in parallel with a growing evidence base 

validating (and, in some cases, questioning) their accuracy 

against PSG [4]. Multimodal deep-learning "foundation 

models" trained on hundreds of thousands of hours of PSG 

data have recently demonstrated that sleep signals encode 

prognostic information relevant to numerous non-sleep 

diseases, further expanding the clinical relevance of high-

quality sleep measurement [4]. 

 

This narrative review aims to (1) summaries the principles, 

recent technical advances, and validation evidence for the 

major categories of sleep measurement tools; (2) present a 

structured, reproducible literature search strategy across 

PubMed and Embase; (3) compare the performance 

characteristics of these tools using tabulated and graphical 

data; and (4) discuss the limitations, unmet needs, and likely 

future trajectory of the field. 

 

2. Materials and Methods 
 

2.1 Literature Search Strategy 

 

This is a narrative review; nonetheless, a structured and 

transparent search strategy was used to identify relevant 

literature, consistent with recommended practice for high-

quality narrative reviews. Searches were conducted in 

PubMed (MEDLINE) and Embase (Ovid interface) for 

articles published from 1 January 2019 to 18 July 2026, 

restricted to English-language, peer-reviewed publications 

(original research, systematic reviews, meta-analyses, and 

clinical practice guidelines/position statements). Conference 

abstracts without full text and non-peer-reviewed preprints 

were excluded unless no peer-reviewed equivalent was 

available.  

 

2.2 PubMed Search Strategy 
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Line Search terms (PubMed / MEDLINE) 

1 "Polysomnography"[MeSH] OR "polysomnograph*"[tiab] OR "PSG"[tiab] 

2 "Actigraphy"[MeSH] OR "actigraph*"[tiab] OR "accelerometer*"[tiab] OR "wrist-worn"[tiab] 

3 
"Wearable Electronic Devices"[MeSH] OR "wearable*"[tiab] OR "smartwatch*"[tiab] OR "smart ring*"[tiab] OR "fitness 

tracker*"[tiab] OR "Fitbit"[tiab] OR "Oura"[tiab] OR "Apple Watch"[tiab] OR "Whoop"[tiab] 

4 
"contactless"[tiab] OR "non-contact"[tiab] OR "radar"[tiab] OR "ballistocardiograph*"[tiab] OR "under-mattress"[tiab] OR 

"bed sensor*"[tiab] 

5 "mobile applications"[MeSH] OR "smartphone*"[tiab] OR "mobile app*"[tiab] OR "acoustic sensing"[tiab] OR "snoring"[tiab] 

6 
"Artificial Intelligence"[MeSH] OR "Deep Learning"[MeSH] OR "machine learning"[tiab] OR "artificial intelligence"[tiab] 

OR "deep learning"[tiab] OR "neural network*"[tiab] OR "foundation model*"[tiab] 

7 "Sleep Apnea Syndromes/diagnosis"[MeSH] OR "Home sleep apnea test*"[tiab] OR "HSAT"[tiab] OR "polygraphy"[tiab] 

8 
"Pittsburgh Sleep Quality Index"[tiab] OR "Epworth Sleepiness Scale"[tiab] OR "sleep questionnaire*"[tiab] OR "sleep dia-

ry*"[tiab] 

9 2 OR 3 OR 4 OR 5 OR 6 OR 7 OR 8 

10 
"Sleep"[MeSH] OR "sleep"[tiab] OR "sleep stag*"[tiab] OR "sleep architecture"[tiab] OR "sleep quality"[tiab] OR "sleep-

wake"[tiab] 

11 
"validation stud*"[tiab] OR "accuracy"[tiab] OR "sensitivity and specificity"[MeSH] OR "reliability"[tiab] OR "agree-

ment"[tiab] OR "concordance"[tiab] 

12 1 AND 9 AND 10 AND 11 

13 12 AND (English[Language]) AND ("2019/01/01"[Date - Publication] : "2026/07/18"[Date - Publication]) 

14 13 NOT ("Comment"[Publication Type] OR "Letter"[Publication Type] OR "Editorial"[Publication Type]) 

 

2.3 Embase Search Strategy 

 
Line Search terms (Embase, Ovid interface) 

1 exp polysomnography/ OR (polysomnograph* OR PSG).mp. 

2 exp actigraphy/ OR (actigraph* OR accelerometer* OR "wrist-worn").mp. 

3 
exp wearable sensor/ OR exp wearable computer/ OR (wearable* OR smartwatch* OR "smart ring*" OR "fitness tracker*" OR 

Fitbit OR Oura OR "Apple Watch" OR Whoop).mp. 

4 
exp contactless sensor/ OR (contactless OR "non-contact" OR radar OR ballistocardiograph* OR "under-mattress" OR "bed 

sensor*").mp. 

5 exp smartphone/ OR exp mobile application/ OR (smartphone* OR "mobile app*" OR "acoustic sensing" OR snoring).mp. 

6 
exp artificial intelligence/ OR exp deep learning/ OR exp machine learning/ OR ("artificial intelligence" OR "deep learning" 

OR "machine learning" OR "neural network*" OR "foundation model*").mp. 

7 
exp home sleep apnea test/ OR exp sleep disordered breathing/de OR ("home sleep apnea test*" OR HSAT OR polygra-

phy).mp. 

8 exp Pittsburgh Sleep Quality Index/ OR exp Epworth Sleepiness Scale/ OR ("sleep questionnaire*" OR "sleep diary*").mp. 

9 #2 OR #3 OR #4 OR #5 OR #6 OR #7 OR #8 

10 exp sleep/ OR (sleep OR "sleep stag*" OR "sleep architecture" OR "sleep quality" OR "sleep-wake").mp. 

11 
exp validation study/ OR exp diagnostic accuracy/ OR (accuracy OR reliability OR agreement OR concordance OR "sensitivity 

and specificity").mp. 

12 1 AND 9 AND 10 AND 11 

13 12 AND (english language and ("2019" to "2026").yr.) 

14 13 NOT (letter OR editorial OR conference abstract).pt. 

 

2.4 Selection Process 

 

Titles and abstracts identified through the combined 

PubMed and Embase searches, together with hand-searched 

reference lists, were screened for relevance by the review 

author. Priority was given to systematic reviews, meta-

analyses, large validation studies (n ≥ 30 participants with 

concurrent PSG or actigraphy comparison), and current 

professional-society guidelines. Studies were excluded if 

they addressed sleep constructs unrelated to measurement 

technology (e.g., pharmacological trials) or reported only 

device engineering without any human validation data. 

Duplicate records across databases were removed manually. 

This narrative approach does not follow a formal PRISMA 

protocol and was not registered; it is intended to provide a 

representative, expert-guided synthesis rather than an 

exhaustive systematic inventory. 

 

3. Result 
 

3.1 Polysomnography: The Reference Standard 

 

Type-1, laboratory-attended PSG remains the diagnostic 

reference standard for most sleep disorders, combining 

electroencephalography (EEG), electro-oculography (EOG), 

submental electromyography (EMG), electrocardiography, 

airflow, respiratory effort, and pulse oximetry channels, 

scored in accordance with American Academy of Sleep 

Medicine (AASM) criteria[1,2]. This comprehensive montage 

permits classification of wake, N1, N2, N3, and rapid-eye-

movement (REM) sleep in 30-second epochs and detection 

of respiratory, limb-movement, and arousal events[2]. A 2024 

position statement from the Brazilian Sleep Association 

reaffirmed that only studies using this full electrode montage 

merit the designation "polysomnography," as distinct from 

simplified respiratory polygraphy[3]. 

 

Despite its diagnostic authority, PSG has well-recognised 

drawbacks: high per-study cost, limited laboratory capacity, 

the burden of technician-applied electrodes, and alteration of 

sleep due to an unfamiliar environment and monitoring 

apparatus (the first-night effect), which a recent study found 
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produced systematic discrepancies between home and in-

laboratory subjective sleep-quality ratings[5]. These 

constraints have motivated the search for scalable 

alternatives to full PSG, as well as growing interest in 

extracting more value from PSG data itself: a 2026 

multimodal "sleep foundation model" (SleepFM), trained via 

contrastive learning on more than 585,000 hours of PSG 

recordings from approximately 65,000 participants, 

demonstrated that latent representations of raw PSG signals 

can predict risk for 130 medical conditions - including all-

cause mortality, dementia, and cardiovascular disease - from 

a single night of recording, while also performing 

competitively with specialised automated sleep-staging 

algorithms[4]. This illustrates a broader trend: PSG is 

evolving from a purely diagnostic tool toward a rich 

biomarker platform when paired with modern computational 

methods. 

 

3.2 Actigraphy 

 

Actigraphy estimates sleep-wake states from wrist- or ankle-

worn accelerometer-derived movement counts, applying 

validated scoring algorithms (e.g., Cole-Kripke, Sadeh) to 

classify epochs as sleep or wake. Its principal advantages are 

low cost, minimal participant burden, and the capacity for 

multi-night, ecologically valid recording in the home 

environment, which has made it a mainstay of sleep 

epidemiology and circadian research for over three decades. 

A comprehensive 2024 systematic review registered with 

PROSPERO and searching MEDLINE, Web of Science, 

Google Scholar, and Embase concluded that actigraphy 

provides reasonable estimates of two-stage (sleep/wake) 

classification, achieving moderate agreement with PSG for 

total sleep time and sleep efficiency, but that its ability to 

discriminate light, deep, and REM sleep stages was limited 

and inconsistently reported across the available literature[6]. 

A complementary scoping review that assessed 35 articles 

and 62 device-algorithm combinations similarly concluded 

that pure accelerometer-based devices are adequate for 

binary sleep/wake detection but fall short for multi-stage 

classification, whereas devices that combine accelerometry 

with photoplethysmography (PPG) perform substantially 

better at stage discrimination[7]. 

 

In paediatric populations, actigraphy has particular value 

because it can be worn over multiple nights in the home 

without disrupting a child's typical sleep schedule; early 

narrative and systematic reviews established generally good 

sensitivity (0.82-0.96) but persistently poor specificity for 

detecting wakefulness after sleep onset, a limitation 

attributed to children's characteristic combination of high 

movement during light sleep and prolonged immobile 

wakeful periods[8,9]. The AASM's 2025 clinical update on 

actigraphy technology reiterates that device fit, algorithm 

selection, and population-specific validation (particularly for 

paediatric, elderly, and overweight/underweight individuals) 

remain critical considerations for appropriate clinical and 

research use[10]. 

 

3.3 Consumer Wearable Devices: Wrist-Worn Trackers 

and Smart Rings 

 

The past five years have seen substantial improvement in the 

sleep-tracking performance of consumer multisensor 

wearables, which typically combine three-axis 

accelerometry with PPG-derived heart rate and heart-rate-

variability signals, and, increasingly, skin-temperature and 

blood-oxygen sensing. A 2025 head-to-head validation study 

compared six popular wrist-worn devices (Fitbit Charge 5, 

Fitbit Sense, Withings ScanWatch, Garmin Vivosmart 4, 

Whoop 4.0, and Apple Watch Series 8) against PSG in 62 

adults across a single overnight laboratory stay, providing an 

updated, comparative benchmark of contemporary consumer 

device accuracy[11]. A 2025 meta-analysis pooling data 

across multiple consumer wrist-worn devices similarly 

concluded that, while sleep/wake detection has become 

highly reliable, specificity for detecting wakefulness remains 

the most persistent weakness across device brands[12]. 

 

Smart rings have emerged as a particularly promising 

wearable form factor. In a large validation study of 96 

participants and 421,045 epochs of multi-night ambulatory 

PSG, the Oura Ring Generation 3 with its second-generation 

sleep-staging algorithm (OSSA 2.0) achieved 91.7-91.8% 

overall accuracy, 94.4-94.5% sensitivity, and 73.0-74.6% 

specificity for sleep-wake discrimination, with stage-specific 

accuracy ranging from 75.5% (light sleep) to 90.6% (REM 

sleep)[13]. An independent validation from the University of 

Tokyo and a separate study from Brigham and Women's 

Hospital corroborated that Oura's staging algorithm 

performs favourably relative to PSG and outperforms 

several competing wrist-worn devices in four-stage 

classification tasks[14], building on earlier multi-sensor 

architecture work demonstrating that combining 

accelerometer, autonomic nervous system-derived, and 

circadian features substantially improves four-stage 

classification accuracy (from 57% using accelerometer data 

alone to 79% with the full multi-sensor model)[15]. A single-

night inpatient comparison of the Oura Ring Gen3, Fitbit 

Sense 2, and Apple Watch Series 8 against PSG in 35 adults 

found that all three devices exceeded 95% sensitivity for 

sleep detection, with stage-discrimination sensitivity ranging 

from 50% to 86% depending on device and sleep stage, and 

that the Oura Ring's estimates for wake, light, deep, and 

REM sleep did not differ significantly from PSG[16]. 

 

3.4 Comparative Summary of Sleep Measurement Tools 

 

Table 3 summarises the underlying principle, typical setting, 

sleep-staging capability, and representative validation 

evidence for each major category of sleep measurement tool 

discussed in this review. 

 

 

 

 

 

 

 

Paper ID: SR26910150333 DOI: https://dx.doi.org/10.21275/SR26910150333 672 

http://www.ijsr.net/


International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Impact Factor 2025: 7.089 

Volume 15 Issue 9, September 2026 
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal 

www.ijsr.net 

Table 3: Comparative overview of major sleep measurement modalities. 
Measurement tool Principle Typical setting Sleep staging capability Representative evidence 

Polysomnography 

(PSG) 

Multi-channel 

EEG/EOG/EMG/ECG + 

respiratory/oximetry 

Sleep laboratory 

(Type 1) or attend-

ed home (Type 2) 

Full 5-stage 

(W/N1/N2/N3/REM), refer-

ence standard 

Berry et al. 2012 [2]; Pal-

ombini et al. 2024 [3] 

Actigraphy 
Wrist/ankle accelerometry 

with sleep/wake algorithms 

Home, multi-night, 

ambulatory 

Sleep/wake reliable; multi-

stage limited 

Yuan et al. 2024 [6]; Meltzer 

et al. 2012 [8] 

Consumer wrist weara-

bles 

Accelerometer + PPG (± 

SpO₂, temperature) 

Home, consumer 

use 

4-stage possible; specificity 

for wake variable 

Schyvens et al. 2025 [11]; Lee 

et al. 2025 [12] 

Smart rings (e.g., Oura 

Gen3) 

Finger PPG + accelerometer 

+ temperature 

Home, consum-

er/research use 

4-stage; among best-

performing consumer devices 

Svensson et al. 2024 [13]; de 

Zambotti et al. 2024 [14] 

Radar-based contact-

less sensors 

Doppler radar detects chest-

wall micro-movement 

Home or laborato-

ry, no device worn 

Primarily respiratory 

events/AHI; limited staging 

Gross-Isselmann et al. 2024 

[17] 

Under-mattress/ 

ballistographic sensors 

Piezoelectric/pneumatic/fibre-

optic bed sensors 

Home, pas-

sive/unobtrusive 

Cardiorespiratory + coarse 

sleep/wake; staging emerging 

Boiko et al. 2023 [18]; Ravin-

dran et al. 2024 [20] 

Smartphone acoustic 

apps 

Microphone-based acoustic 

event/snore detection 

Home, consumer 

use 

No formal staging; screening 

for snoring/SDB only 
Brown et al. 2025 [22] 

Home sleep apnea test 

(HSAT) 

Simplified respiratory pol-

ygraphy (airflow, effort, 

SpO₂) 

Home, physician-

directed 

Not designed for staging; 

AHI/respiratory focus 

Kapur et al. 2017 [24]; Rosen 

et al. 2025 [23] 

Subjective question-

naires (PSQI, ESS) 

Self-report of perceived sleep 

quality/sleepiness 

Any setting, mini-

mal burden 

Not applicable (subjective, 

not staged) 

Buysse et al. 1989 [28]; 

Nishiyama et al. 2014 [30] 

 

3.5 Sensitivity and Specificity Across Modalities 

 

Figure 1 illustrates representative sensitivity for sleep 

detection and specificity for wake detection reported across 

five broad categories of sleep measurement technology, 

drawn from the validation studies reviewed above. Wake-

detection specificity is consistently the weaker performance 

metric across nearly all non-PSG technologies, reflecting a 

shared tendency of movement- and photoplethysmography-

based systems to misclassify quiet wakefulness as sleep. 

 

 
Figure 1: Representative sensitivity (sleep detection) and specificity (wake detection) of major sleep measurement modalities 

relative to polysomnography, synthesised from cited validation studies [6,11-13,17,20]. 

 

3.6 Four-Stage Sleep Classification Accuracy 

 

Figure 2 compares reported accuracy for four-stage sleep 

classification (wake, light, deep, and REM sleep, relative to 

PSG) across representative device categories. Devices that 

combine multiple physiological signals (accelerometry, 

PPG, and, in some cases, skin temperature) consistently 

outperform single-sensor accelerometer-only actigraphy for 

this more demanding classification task. 
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Figure 2: Reported four-stage sleep classification accuracy (vs. PSG) by device category, synthesised from cited validation 

studies [6,13,16,20]. 

 

3.7 Contactless and Non-Contact Sensing Technologies 

 

Contactless technologies aim to eliminate the burden of 

wearing a device altogether. Radar-based systems emit low-

power electromagnetic waves and analyse the Doppler-

shifted reflections caused by chest-wall movement to derive 

respiratory and cardiac signals; a 2024 validation of the 

Sleepiz One+ radar device in 141 adults found a strong 

correlation with PSG-derived apnea-hypopnea index (r = 

0.94 with supplementary pulse-oximetry data, r = 0.87 

without), with sensitivity and specificity for sleep apnea 

detection reaching 88% and 98%, respectively, when 

combined with SpO₂ monitoring[17]. 

 

Under-mattress and bed-integrated systems use piezoelectric 

films, pneumatic sensors, or fibre-optic elements to capture 

ballistocardiographic signals - the micro-vibrations produced 

by cardiac ejection and respiration transmitted through the 

mattress. A comprehensive 2023 systematic review of 

contactless cardiorespiratory monitoring technologies 

catalogued radar, camera-based, and mattress-embedded 

approaches, concluding that while radar and fibre-

optic/piezoelectric systems can achieve high accuracy for 

heart rate and respiratory rate, performance is sensitive to 

sensor placement, distance from the body, and susceptibility 

to motion artefact[18]. A related review of contact-free 

sensors as digital cardiovascular biomarkers similarly 

concluded that, although machine-learning approaches to 

under-mattress ballistocardiography show promising results 

for sleep-stage classification, EEG-based PSG remains the 

unchallenged reference standard for detailed sleep 

architecture assessment[19]. 

 

A digital health technology evaluation study comparing two 

under-mattress trackers (Withings Sleep Analyser and Emfit 

QS) and a bedside Doppler radar (Somnofy) against PSG 

and research-grade actigraphy in an ageing population found 

that contactless devices could reliably estimate heart rate and 

breathing rate in both laboratory and home settings, 

supporting their potential for continuous, low-burden 

monitoring of vulnerable populations such as older adults 

and people living with dementia[20]. Because these systems 

require no device to be worn or applied, they are particularly 

attractive for longitudinal home monitoring, paediatric and 

geriatric populations, and settings in which adherence to 

wearable devices is a concern. 

3.8 Smartphone Applications and Acoustic Sensing 

 

Smartphones equipped with microphones and 

accelerometers offer a near-zero-cost platform for passive 

sleep and snoring surveillance. Advances in flexible and 

wearable acoustic sensors, combined with machine-learning-

based signal processing, have broadened the scope of 

acoustic health monitoring generally, including sleep-related 

applications such as snore and respiratory-event detection[21]. 

A 2025 validation study of the SleepWatch smartphone 

application's snore-detection algorithm, trained on more than 

60,000 acoustic events, reported an average sensitivity of 

86.3%, specificity of 99.5%, and overall accuracy of 95.2% 

for detecting simulated snoring events under controlled 

acoustic conditions, alongside a strong correlation (r = 0.97) 

between detected and true snore rates[22]. Other 

commercially available snoring applications have reported 

comparably high specificity (typically 93-97%) but more 

variable sensitivity, particularly at higher snoring 

frequencies, underscoring that acoustic sensing is best suited 

as a screening or adjunctive tool rather than a diagnostic 

replacement for formal sleep-disordered-breathing 

evaluation. 

 

3.9 Artificial Intelligence and Deep Learning in Sleep 

Signal Analysis 

 

Artificial intelligence, and deep learning in particular, has 

become integral to nearly every category of sleep 

measurement discussed above - from automating PSG 

scoring, to powering proprietary wearable sleep-staging 

algorithms, to enabling contactless signal extraction from 

noisy radar or ballistocardiographic data. A scoping review 

of 35 studies and 62 wearable-algorithm combinations found 

a clear evolution toward combining accelerometer and PPG 

data using increasingly sophisticated machine-learning 

classifiers, and proposed five recommendations to improve 

reliability reporting, including standardised algorithm 

validation across diverse populations and open-source 

data/code availability[7]. 
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At the most ambitious end of this trend, multimodal 

foundation models such as SleepFM demonstrate that self-

supervised, contrastively trained deep-learning architectures 

can learn generalisable representations of raw physiological 

sleep signals that transfer across cohorts and tasks, achieving 

competitive performance against specialised sleep-staging 

models (mean F₁ scores of 0.70-0.78) while simultaneously 

enabling long-horizon disease-risk prediction from routine 

PSG data[4]. This dual capability - accurate automated 

scoring plus disease-risk stratification from a single 

recording - represents a meaningful shift in how PSG data 

may be used clinically, moving from a narrowly diagnostic 

report toward a broader physiological biomarker. However, 

the developers of such models themselves note that the 

interpretability of these representations (i.e., precisely which 

signal features drive a given prediction) remains an open 

research question, and that external validation across more 

diverse, real-world populations is still needed before clinical 

deployment. 

 

3.10 Subjective Sleep Assessment Tools: Questionnaires 

and Scales 

 

Subjective instruments remain indispensable complements 

to objective measurement, capturing the patient's perceived 

sleep experience, which does not always correspond to 

objectively recorded parameters. The Pittsburgh Sleep 

Quality Index (PSQI), a 19-item self-report instrument 

yielding seven component scores (subjective sleep quality, 

latency, duration, habitual efficiency, disturbances, use of 

sleep medication, and daytime dysfunction), and the 

Epworth Sleepiness Scale (ESS), an 8-item measure of 

situational daytime sleepiness, remain by far the most 

widely used subjective sleep-assessment tools in both 

clinical and research settings[28,29]. 

 

However, evidence on their criterion validity against 

objectively diagnosed sleep disorders is mixed. A large 

study of 367 consecutive sleep-clinic patients undergoing 

PSG and multiple sleep latency testing found that receiver-

operating-characteristic area-under-the-curve values for both 

the ESS and PSQI were below 0.9 for predicting obstructive 

sleep apnea, periodic limb movement disorder, REM sleep 

behaviour disorder, and narcolepsy, and that an 

accompanying meta-analysis confirmed the ESS had 

essentially no diagnostic value for obstructive sleep apnea 

specifically; the authors concluded that scores on both 

instruments were more strongly influenced by co-existing 

anxiety and depression than by objective sleep pathology, 

and recommended against their use as stand-alone screening 

or diagnostic tools for these conditions[30]. A multi-national 

study of 8,481 college students across Chile, Ethiopia, Peru, 

and Thailand similarly found that exploratory and 

confirmatory factor analyses did not fully support the 

traditional single-factor structure of either instrument, 

suggesting that global PSQI and ESS scores should be 

interpreted cautiously across diverse populations[31]. These 

findings do not diminish the practical utility of subjective 

questionnaires for tracking perceived sleep quality over time 

or for capturing patient-centred outcomes that objective 

sensors cannot measure, but they do argue against relying on 

them as substitutes for objective diagnostic testing. 

 

3.11 Home Sleep Apnea Testing and Clinical Practice 

Guidelines 

 

Home sleep apnea testing (HSAT), typically employing 

simplified respiratory polygraphy channels (airflow, 

respiratory effort, and pulse oximetry, with or without 

additional signals), has become an established alternative to 

in-laboratory PSG for diagnosing obstructive sleep apnea 

(OSA) in appropriately selected adult patients. The AASM's 

original 2017 clinical practice guideline for diagnostic 

testing of adult OSA endorsed HSAT for patients with an 

uncomplicated presentation and increased pre-test 

probability of moderate-to-severe disease[24], a position 

reaffirmed and refined in the Academy's updated 2025 

position statement, which continues to restrict HSAT to 

physician-directed diagnosis in appropriately selected adults 

and to designate more complex cases (e.g., significant 

cardiopulmonary disease or suspected non-respiratory sleep 

disorders) as requiring full PSG[23]. The American 

Association of Sleep Technologists' technical guideline 

further specifies device and channel requirements necessary 

for an HSAT recording to be considered technically 

adequate for clinical decision-making[25]. 

Notably, the AASM has explicitly recommended against the 

use of HSAT for diagnosing OSA in children, citing the 

substantially different physiology, comorbidity profile, and 

scoring requirements of paediatric sleep-disordered 

breathing compared with adults[26]. More broadly, in a 2021 

update addressing the proliferation of consumer sleep 

technologies (CSTs), the AASM emphasised that such 

devices should meet the same regulatory and validation 

standards as other medical devices before being used for 

clinical decision-making, while acknowledging their 

potential value as adjuncts that can enhance patient 

engagement and longitudinal symptom tracking throughout 

OSA management[27]. 

 

3.12 Special Populations: Paediatric Sleep Measurement 

 

Sleep measurement in children presents unique 

methodological challenges, including device fit, differing 

sleep architecture across developmental stages, and the 

practical difficulty of obtaining multi-night laboratory PSG 

in young or behaviourally complex patients. Actigraphy has 

therefore been particularly valuable in paediatric sleep 

research and in perioperative contexts, where it enables 

objective tracking of sleep and activity across the hospital 

stay and recovery period without the burden of a full PSG 

montage[9]. Systematic appraisal of actigraphy validation 

studies in children indicates generally good sensitivity for 

detecting sleep, but consistently weaker specificity for 

detecting wakefulness compared with adult populations, 

together with substantial heterogeneity in scoring algorithms 

and outcome definitions across studies - a methodological 

inconsistency that complicates cross-study comparison and 

underscores the need for standardised reporting[8]. As 

consumer wearables and contactless sensors mature, several 

are now being formally evaluated against PSG in paediatric 

and adolescent cohorts, although this evidence base remains 

considerably smaller than the corresponding adult literature. 
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4. Discussion 
 

4.1 Strengths, Limitations, and Cross-Cutting Challenges 

 

Table 4 summarizes the principal strengths and limitations 

of each modality reviewed above, synthesizing the evidence 

presented in Sections 3.1-3.12. 

Table 4: Strengths and limitations of major sleep measurement modalities 
Modality Key strengths Key limitations 

Polysomnography 
Diagnostic reference standard; comprehensive multi-

signal architecture and event detection 

High cost, limited access, technician-dependent, first-

night effect, poor scalability [1-3] 

Actigraphy 
Low cost, low burden, validated over decades, ideal 

for multi-night/home use 

Poor specificity for wake, limited multi-stage discrimi-

nation, algorithm heterogeneity [6,8] 

Consumer weara-

bles/rings 

High acceptability, continuous longitudinal data, 

improving 4-stage accuracy 

Proprietary undisclosed algorithms, variable validation 

quality, specificity for wake still limited [11-13,16] 

Contactless sensors 
No device worn, ideal for vulnerable/non-adherent 

populations, good for cardiorespiratory signals 

Sensitive to distance/motion artefact, limited standalone 

sleep-staging validation [17-20] 

Smartphone acoustic 

apps 

Near-zero cost, wide accessibility, useful for snoring 

screening 

No formal sleep staging; sensitivity affected by ambient 

noise and device placement [21,22] 

AI/deep learning 

models 

Automates scoring, extracts novel prognostic signals, 

enables scalable analysis 

Interpretability challenges, need for external/diverse 

validation, data/compute demands [4,7] 

Subjective question-

naires 

Captures perceived sleep quality, minimal burden, 

useful for tracking patient-centred outcomes 

Poor criterion validity against objective sleep-disorder 

diagnoses; confounded by mood symptoms [30,31] 

 

4.2 Future Directions 

 

Several trends are likely to shape the next generation of 

sleep measurement tools. First, multimodal sensor fusion - 

combining accelerometry, PPG, temperature, and 

increasingly bioimpedance or radar signals within a single 

wearable or contactless platform - is likely to continue 

narrowing the performance gap with PSG for multi-stage 

classification, as already demonstrated by the incremental 

gains achieved through multi-sensor architectures relative to 

accelerometer-only devices. 

 

Second, foundation models trained on very large, multi-

institutional PSG datasets suggest that sleep signals may 

serve as a general-purpose physiological biomarker, 

extending the value of sleep measurement well beyond 

sleep-disorder diagnosis into broader disease risk-prediction 

and precision-medicine applications[4]. Realising this 

potential will require external validation across diverse 

demographic and clinical populations, careful attention to 

algorithmic bias, and improved model interpretability. 

 

Third, regulatory and professional-society frameworks will 

need continued refinement to keep pace with the rapid 

iteration cycle of consumer devices; the AASM's ongoing 

position statements on consumer sleep technologies and 

home sleep apnea testing illustrate an evolving but still-

developing consensus on how, and under what 

circumstances, these tools may substitute for or complement 

laboratory-based assessment. 

 

Finally, greater methodological standardisation - consistent 

epoch lengths, transparent algorithm reporting, pre-

registered validation protocols, and standardised 

performance metrics - remains a recurring recommendation 

across the wearable-validation literature, and will be 

essential for enabling meaningful comparison across the 

rapidly proliferating landscape of sleep measurement tools. 

 

5. Conclusion 
 

Sleep measurement has evolved from a single laboratory-

based reference standard into a diverse ecosystem of 

complementary tools spanning polysomnography, 

actigraphy, consumer wearables, contactless sensors, 

smartphone applications, and AI-driven analytics. Each 

modality occupies a distinct niche shaped by trade-offs 

among diagnostic accuracy, patient burden, cost, and 

scalability: PSG remains unmatched for detailed diagnostic 

characterisation, actigraphy and consumer wearables enable 

ecologically valid longitudinal monitoring, contactless 

sensors minimise patient burden for vulnerable populations, 

and AI-enabled analysis is beginning to extract prognostic 

value well beyond traditional sleep metrics. Rigorous, 

standardised, and demographically representative validation 

remains the central unmet need across nearly all newer 

modalities, and will determine how effectively these tools 

can be integrated into both clinical sleep medicine and 

population-level health monitoring in the years ahead. 
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