
1 

 

Article Title: The future of sleep measurements – a review and perspective 

 

Author Names, Degrees, and Affiliations  

Erna Sif Arnardottir, PhD1,2, Anna Sigríður Islind, PhD1,3, María Óskarsdóttir, PhD1,3. 

 

1 Reykjavik University Sleep Institute, School of Technology, Reykjavik University, 

Reykjavik, Iceland.  

2 Internal Medicine Services, Landspitali University Hospital, Reykjavik, Iceland. 

3 Department of Computer Science, Reykjavik University, Reykjavik, Iceland. 

 

Corresponding author 

Dr. Erna Sif Arnardottir 

Reykjavik University 

Menntavegi 1 

102 Reykjavik 

Iceland.  

ernasifa@ru.is 

 

 

Disclosure Statement 

Dr. Arnardottir discloses lecture fees from Nox Medical, Philips and ResMed. Dr. Islind 

and Dr. Oskarsdottir have nothing to disclose.” The work of the authors is sponsored 

in part by the Sleep Revolution which has received funding from the European Union’s 

Horizon 2020 research and innovation programme under grant agreement no. 965417 

and by NordForsk (NordSleep project 90458-06111) via the The Icelandic Centre for 

Research. 

 

  



2 

 

Key Words sleep measurement, subjective data, objective data, sleep diary, co-

design, machine learning, data management platform, data science. 

 

Key Points  

• We argue for the need for improved subjective and objective assessment for 

future sleep studies and discuss the current use, limitations and potentials of 

various types of sleep assessment. 

• Data from wearables and non-wearables outline a future potential for informing 

sleep research and clinical practice to assess long-term effects on sleep but 

these devices need to be validated further. 

• Co-designing with patients and healthcare professionals can enable improved 

diagnostics and collaborative care, informed by data. 

• Data management platforms designed and developed to securely display a 

variety of data for i) healthcare professionals, ii) patients and iii) researchers 

can enable the synergy of objective and subjective data in one place. 

• Data science and machine learning techniques applied to a variety of sleep 

data can facilitate the discovery of new and important patterns and novel 

insights in sleep data. 

 

Clinical Care Points 

• When performing a sleep assessment, do not rely only on objective sleep 

testing as the subjective experience of the patient is equally important.   

• Do not rely only on a single screening questionnaire to decide who needs 

further sleep testing, as most of these questionnaires are markedly flawed and 

validated in a limited way 

• Consider providing care via telemedicine where possible, such as with 

electronic questionnaires and sleep diaries. 

• Be aware of the potential first night effect of sleeping with a device, the night-

to-night variability in different sleep parameters and the limitations of different 

measurement types, that may affect clinical diagnosis.Currently, manual 

scoring is still needed for sleep study analysis and automatic analysis alone is 

not recommended for clinical use. 
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• Currently, wearable and non-wearable data is not accepted for clinical use and 

patients bringing such data to their healthcare personnel need to be educated 

about the limitations of this data.  
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Synopsis:  

This paper provides an overview of the current use, limitations and future directions of 

the variety of subjective and objective sleep assessment available. We argue for 

various ways and sources of collecting, combining and using data to enlighten clinical 

practice and the sleep research of the future. We highlight the prospects of digital 

management platforms to store and present the data, the importance of co-design 

when developing such platforms and other new instruments. We also discuss the 

abundance of opportunities that data science and machine learning open for the 

analysis of the data. 
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INTRODUCTION 

 

Sleep assessment depends both on the subjective experience of the individual and 

objective measurements which are traditionally collected through an overnight sleep 

study. In addition, wearable and non-wearable devices are increasingly being used to 

collect objective data over a longer period and thus offer new ways to assess sleep 

and its long-term effect on health and well-being. The various types of data all tell an 

important story for the sleep diagnosis as each type represents a different side of the 

same coin. Therefore, to have the most complete picture of someone's sleep, these 

various types of data need to be considered and analysed, as has been shown in other 

areas of research as well.1 

 

DIFFERENT TECHNIQUES AVAILABLE TO MEASURE SLEEP 

 

Subjective assessment 

 

A crucial part of a sleep assessment is the subjective experience of the patient, which 

in many cases is sufficient to make a clinical diagnosis without the need for any 

objective sleep testing. This includes the diagnosis and treatment of e.g., insomnia 

(difficulties initiating or maintaining sleep) and restless legs syndrome (an urge to 

move legs and/or uncomfortable/unpleasant2 sensation in legs) as well as numerous 

other sleep disorders.3 For other disorders, such as obstructive sleep apnea (OSA), 

the subjective experience of the patient is usually very limited. A person typically only 

knows that he or she snores or has apneas during sleep if told by a bed partner. 

Therefore, in OSA, an objective sleep measurement is necessary for diagnosis.3 The 

subjective part is often overlooked and dismissed as less important than objective 

measurements of sleep, especially by those less experienced in the relevant sleep 

disorder in question.  

 

Questionnaires 

 

A vast number of questionnaires have been created in the last decades to assess 

sleep, sleep problems and their effects on daytime functioning. Shahid and colleagues 

reviewed over a hundred of sleep questionnaires and an extensive number of others 
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are additionally used.4 Currently, the most validated and popular screening 

questionnaire for OSA is the STOP-Bang, which stands for Snoring, Tired, Observed, 

Pressure, Body Mass index, Age, Neck Size and Gender.5-8  The actual list of available 

OSA screening questionnaires is much larger and includes the Berlin questionnaire9 

and The Neck, Obesity, Snoring, Age, Sex (NoSAS) questionnaire.10 Le Grande and 

colleagues identified 21 instruments designed to assess the likelihood of OSA for in 

cardiac patients.11To assess excessive daytime sleepiness, the Epworth Sleepiness 

Scale12-14 is most popular but others such as the Karolinska Sleepiness Scale15 and 

Stanford Sleepiness Scale16 are also widely used. For overall sleep quality, the 

Pittsburgh Sleep Quality Index17 with 19 items in seven subcategories is frequently 

used but other exist as well.  

 

Limitations  

The majority of sleep questionnaires are markedly flawed. Many of them are not 

properly validated against a diagnosis of a clinical sleep disorder, the asked time frame 

varies widely and many use weasel wording such as “Recently” and “Frequently” 

instead of using a specific time frame for answering. Also, often a “Don't know” option 

is not included.18 This makes it difficult for many people to answer questions about 

occurrences during sleep such as snoring frequency and loudness, leg kicks and other 

movements, especially for those who do not have a bed partner. It is then impossible 

to know whether a person forgot to answer or did not know how to answer specific 

questions. Other questions may be poorly designed as they are “double-barrelled”, 

asking about more than one issue in the same questions. E.g., in the Pittsburgh Sleep 

Quality Index, the question “During the past month, how often have you had trouble 

sleeping because you cough or snore loudly?” addresses two separate issues.  

 

Some questionnaires are biased towards male responses. The Epworth Sleepiness 

Scale measures the ability to fall asleep or doze in different situations. The Epworth 

captures sleepiness better for males, relating more strongly with reported feelings of 

sleepiness or being unrested, than for females.19 Females also less often have a total 

Epworth score >10, which is the clinical cut-off for excessive daytime sleepiness, 

despite females reporting feeling sleepy as often as males.19 Females are less likely 

to report classical OSA symptoms such as snoring and witnessed apneas than 

males.20 However, they are more likely than males to report tiredness, sleep onset 
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insomnia and morning headaches.20 The results of this are numerous, including 

screening questionnaires such as the STOP-Bang being less sensitive to female OSA 

and the need for sex-specific screening.21 STOP-Bang additionally has one extremely 

poorly worded question: “Gender = Male? Yes or No”. In the authors experience, many 

females are offended by the setup of this question and a better worded question for 

addressing gender in modern society is sorely needed.22 

 

Finally, the reliability and validity of different sleep questionnaires have often been 

assessed to a limited extent.4,23 Reliability assessment includes internal consistency, 

test-retest reliability and when appropriate inter-rater reliability. The validity 

assessment includes content and construct validity. A questionnaire that has been 

validated e.g., in a general population may have very different sensitivity and 

specificity to detect the relevant sleep problem than in a sleep clinic population.23 The 

format of the questionnaire is important as well, whether is administered by interview 

or is self-administered using paper-and-pencil or digital format.4,24 

 

To capture the different aspects needed to understand a person's sleep pattern, a 

clinician or researcher needs to mix and match from the large number of available 

questionnaires.4 E.g., a number of different questionnaires is needed to assess a 

person’s regular sleep-wake patterns, daytime sleepiness, as well as screen for 

common sleep disorders such as OSA and insomnia. Other important items such a 

smoking history, exercise level, caffeine consumption, co-morbidities and medication 

need to be assessed by a different set of questions. Therefore, the patient burden is 

increased with longer times to answer repetitive questions in different sections and 

with varying question formats and instructions in a single test battery. Some efforts to 

develop a common test battery based on compilation of questionnaires, such as the 

SAGIC questionnaire25 and the Western Australian Sleep Health Study Questionnaire 

have been published but validation of their psychometric properties is still lacking.  

 

Future potential 

Most questionnaires are currently designed for paper-and-pencil answering and inter-

method reliability needs to be validated for digital format. Also designing 

questionnaires specifically for digital format allows for a different structure for follow-

up questions. E.g., now a broad general question about a specific category can be 
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asked. If the patient has no perceived issues in the category, he or she can move onto 

the next category but if an issue is detected, a much deeper probing can be performed. 

Also, further screening questionnaire development such as the STOP-Bang and 

NoSAS score10 designed to exclude OSA in subjects who have low probability of 

disease and do not need further objective testing, is needed. The reliability and validity 

of further questionnaire development need to be assessed for different populations, 

including clinical and general population, females and males separately as well as in 

different ethnic groups and age categories. These questionnaires should be co-

designed with both patients and healthcare workers (see details below) and be 

reviewed thoroughly by relevant experts for the different design flaws described above. 

 

Interviews (structured, semi-structured etc) 

 

The gold standard sleep assessment includes an interview with a qualified sleep 

physician (or somnologist). European standards indicate a 1-hour interview with a 

sleep physician to review patient history, a physical exam and review of 

questionnaires.26 The importance of conducting a detailed clinical interview including 

a physical examination is highlighted in the Sleep Medicine Textbook of the European 

Sleep Research Society (ESRS).27 The American Academy of Sleep Medicine 

(AASM) has also provided a detailed list of screening questions for the sleep history 

and physical examination on their website. It is, however, unclear who is responsible 

for this text, date of publication and whether the interview has been validated.28 The 

structure and length of the clinical interview will likely differ widely between countries 

and sleep laboratories.  

 

A few structured interviews, including the Diagnostic Interview for Sleep Patterns and 

Disorders (DISP)29 and the Structured Clinical Interview for Diagnostic and Statistical 

Manual of Mental Disorders, Fifth Edition (DSM-5) Sleep Disorders (SCISD)30 have 

been generated. These can be administered by a trained interviewer without sleep 

expertise, take about 10-30 minutes, and have been validated to some extent.29,30 

 

Limitations 

Access to a qualified sleep physician is scarce and waiting lists worldwide for clinical 

interviews are typically very long. Therefore, the majority of patients complaining of 
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sleep problems will never meet such a specialist. Further validation of structured 

interviews that can be administered by trained non-sleep experts, is needed to 

facilitate a wider use of such instruments.  

 

Future potential 

The generation of a simple-to-use, clinically validated structured clinical interview as 

a test battery for a variety of sleep problems to improve the patient care is highly 

important. This clinical interview needs to assess sleep hygiene, insomnia, delayed 

sleep phase, OSA as well as other potential sleep disorders. Such a tool would allow 

general practitioners, cardiologists, psychologists and other healthcare professionals 

to thoroughly assess a person's sleep profile and direct them to the needed 

diagnostics tests and treatments to improve their sleep. Patients with continued 

problems could then be referred to a more specialized sleep expert. Preferably the 

structured clinical interview could be available online, free of charge, for all healthcare 

professionals to use, providing automatic calculations of the risk for different sleep 

disorders, with guidelines for the healthcare professional for the next steps. Finally, a 

comparison between the validity of a structured clinical interview and a digital self-

administered questionnaire with the same items would be advisable. If a digital 

questionnaire has similar validity to the structured clinical interview, valuable 

healthcare personnel time can then be saved for other purposes. 

 

We would also like to emphasize the need for in-depth, structured or semi-structured 

interviews, observations and focus groups to gather empirical data to improve the 

different tools used for subjective measurements described in this chapter. These 

interviews and focus groups transcripts could then be analysed through thematic 

analysis, or through content analysis31 to shed light on new patterns in sleep disorders 

or subjective feelings which could be revealed through such data gathering. Thematic 

analysis includes closely examining the data to identify recurrent and common themes. 

These themes can consist of topics, ideas or patterns that appear frequently. Although 

the process can differ, typically it is divided into six phases: i) familiarisation, ii) coding, 

iii) generating themes, iv) reviewing themes, v) defining and naming themes and vi) 

writing up.31-33 
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Sleep diaries  

 

Sleep diaries have an important role in the diagnosis and treatment monitoring of 

insomnia and another sleep disorders such as circadian rhythm disturbances.34 The 

typical sleep diary is used for 1-2 weeks to assess a person’s overall sleep length, 

timing and quality as well as factors that may affect sleep such as daytime naps, 

sleeping pills, caffeine and alcohol use. The person answering then estimates last 

night’s sleep the following morning by answering questions about when they went to 

bed, how long it took them to fall asleep and if they woke up during the night. The 

sleep diary gives an important overview to the sleep expert of the overall subjective 

sleep experience of the patient or research subject.  

 

However, there is also a consensus regarding the need to standardize sleep diaries 

as many different versions are available and used by different sleep experts.35,36 There 

are various aspects that vary currently within the literature reporting on sleep diaries: 

i) the wording of questions, ii) the number of questions iii) the format of delivery (see 

Figure 1) iv) the length of the data collection (typically performed for 1-2 weeks but 

can vary further, v) answering once or twice per day and vi) whether it should be paper-

and-pencil or digital format.36-38 Therefore, the generation of the Consensus Sleep 

Diary in 201236 was a major step towards standardization of this important tool.  

 

Limitations 

Even the Consensus Sleep Diary generated by an expert panel includes three different 

versions, with a core part designed to fit two sides of a single sheet of paper and an 

extended, optional version.36 Focus group feedback indicated that some participants 

preferred a graphical format, such as clock faces or time charts. Also, participants 

commented that specific aspects of the sleep of a given night could not be well 

described.36 Therefore, as indicated by the authors, further ways to standardize and 

improve sleep diary assessment is needed.  

 

A very important limitation to sleep diaries is compliance, i.e., the participants forget 

to fill in the sleep diary. Some patients and research participants may then attempt to 

fill in entries for several days in a row, which is especially bad in a paper-and-pencil 

format where there is no way to know when the participant did the assessment. 
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Another limitation is the subjective nature of the sleep diary which can be affected by 

e.g., memory bias.  

 

Future potential 

Future potential could include sleep diaries in mobile applications (or app). Using 

smartphones to deliver sleep diaries through mobile apps, could be a way to i) ensure 

more compliance in answering through nudging the participants with screen 

notifications, ii) know when the participants fill in the sleep diaries, iii) limiting when an 

event can be registered. An additional aspect that could be added to sleep diaries is 

the impact of continuous self-assessment on patient self-care and empowerment, by 

evaluating whether the participants change their lifestyle over time, through being 

asked about their lifestyle every day. Future potentials include adding questions that 

on the subjective experience of the participant and regular objective alertness tests. 

This could give a person insight into how different aspects such as short sleep duration 

affects their next day functioning or excessive caffeine/alcohol use affects their next 

night sleep. 

 

Objective assessment 

 

The number of objective ways to assess sleep and sleep disorders is high (see Figure 

2). The gold standard diagnostic method is generally considered an in-laboratory 

polysomnography (PSG).39,40 However, this method is not the right tool for every sleep 

problem and cannot measure the subjective experience of the patient as described 

above. A PSG without any subjective information in many cases may not yield any 

meaningful clinical results for a given patient, e.g., for the diagnosis of insomnia.41  

 

Type 1-4 sleep studies 

 

The gold standard sleep study is considered an attended, in-laboratory PSG, or type 

1 sleep study.2 This refers to the patient sleeping in a hospital or laboratory 

environment, monitored by staff the whole night to ensure the quality of the study. The 

study includes six channels to measure electroencephalography (EEG) for brain wave 

activity, left and right electrooculography (EOG) to measure eye movements and chin 

electromyography (EMG) for muscle tone. Two reference channels are added on the 
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mastoid bone behind both ears for the EEG and EOG assessment. Together, the EEG, 

EOG and EMG allow for the assessment of different sleep stages and wake periods 

measured in 30 second epochs throughout the night and arousals from sleep. PSG 

also includes respiratory flow assessment via a nasal cannula and thermistor to 

assess nasal and mouth breathing. Respiratory movements are measured via thorax 

and abdomen belts and oxygen saturation via pulse oximeter. Together, these 

measurements allow for assessment of sleep apnea severity and subtypes 

(obstructive, mixed or central). Additionally, an electrocardiography (ECG), leg EMG 

(for periodic leg movement assessment), body position, synchronized video and audio 

is included. The PSG is manually edited or “scored” for different events including sleep 

stages, arousals, respiratory events, periodic leg movements etc. This scoring is 

described in detail in “The AASM Manual for the Scoring of Sleep and Associated 

Events”39, the most widely used standard for sleep scoring albeit some major 

differences exist in scoring standards worldwide that impact all attempts for 

automation of sleep scoring. For more details, see review papers.42,43 

 

Other types of objective sleep studies are referred to as home sleep apnea testing 

(HSAT) by the AASM. Therefore, this term includes every type of sleep study 

performed at home/portable, which are in fact very diverse in nature. Another 

terminology which is more detailed is Type 1 - Type 4 sleep studies. Type 1 is then an 

attended in-lab PSG and types 2 - 4 are described below and in Figure 2.    

 

A type 2 sleep study is a home PSG which includes all the same channels as an in-

lab PSG except for the video recording and depending on the device used, an audio 

may be included or not.  Typically, the patient goes to the sleep laboratory where a 

sleep technologist sets up the study (takes about 1 hour), and the patient is then sent 

home to sleep.39  

 

A type 3 sleep study is also called a polygraphy, portable monitoring or 

cardiorespiratory study. A type 3 study has the same channels as recorded in a PSG 

excluding the sensor required for an actual sleep measurement (EEG, EOG and chin 

EMG). The study comprises of sensors to assess breathing, oxygen saturation, pulse 

and body position. In some devices, additional sensors such as EKG and leg EMG 

can be added. Type 3 sleep studies are currently considered for OSA diagnostics in 
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patients with a high pre-test probability.39 However, the definition of what is considered 

a high pre-test probability is often not clearly stated.40 Some papers have defined a 

high pre-test probability using OSA screening questionnaires which have marked flaws 

as discussed above.44,45  

 

A type 4 sleep study a limited-channel monitoring with 1-3 parameters. One type of 

such studies, which includes peripheral arterial tone (PAT), pulse oximetry and wrist 

activity is accepted by the AASM39. Guidelines from the European Sleep Research 

Society (ESRS) and Assembly of the National Sleep Societies (ANSS) in Europe do 

not accept the use of such studies for a final diagnosis of any sleep disorders albeit 

an update of these guidelines is needed since they are now almost 10 years old.46  

 

Limitations 

A major limitation to all sleep studies is that they are typically only applied for a single 

night, both for clinical and research studies. Therefore night-to-night variability in 

different sleep parameters and the potential first night effect of sleeping with a device 

are not measured.47-49 Type 1 studies have also been criticized as the ‘gold standard’ 

measurement due to the unnatural sleep environment of the patient, who is expected 

to sleep normally during one night in a hospital environment with none of the normal 

home routines for the evening or night. Also, due to the number of wires attached to 

the patient and often to a device on the bedside, patients may sleep more in the supine 

position than normally. This can e.g., increase OSA severity in patients with supine 

OSA to clinical levels, albeit the patient would only sleep non-supine at home.50 Type 

2 - 4 sleep studies are more likely to have some quality issues than type 1 studies as 

some issues may come up before the patient goes to sleep and or during the night as 

they are not continuously monitored.51 Type 3 and 4 sleep studies lack measurement 

of actual sleep. Therefore, the total sleep time and wake periods cannot be assessed 

except in some devices via surrogate markers.52,53 Also, phenotypes such as REM-

related OSA cannot be assessed.48,49 Further work to convince the majority of sleep 

clinicians that these surrogate markers are adequate to measure sleep on an epoch-

by-epoch basis are needed.43 Also, arousals as markers of sleep fragmentation cannot 

be assessed. This additionally affects other event scoring e.g., hypopneas followed by 

arousals without oxygen desaturation,39 which impacts the measured OSA severity. 

Type 4 sleep studies then additionally lack measurement of actual respiration and rely 
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on surrogate markers to assess breathing stops and typically rely on automatic 

analysis, albeit some efforts for manual scoring have started.52 Type 4 sleep studies 

relying on PAT technology have on average a very high accuracy compared to PSG,54 

but care should be taken for the individual patient results, which can differ extensively 

from the ‘gold standard’ measurement. Again, event-by-event comparison needs to be 

performed and published to adequately validate this technology. Furthermore, special 

care needs to be taken for patients with different comorbidities and medication use in 

choosing relevant patients for both type 3 and type 4 sleep studies, again highlighting 

the role of a thorough subjective assessment.2 

 

Finally, type 3 and type 4 studies can be marked by the ‘Law of the instrument’55, to 

be over-reliant on a familiar tool or a narrow skill set, especially for physicians who are 

not sleep specialists and have a limited knowledge of other sleep disorders or how to 

screen for them. Performing such a sleep study may result in incidental findings of 

OSA, which are not the main complaint of the patient.42 

 

Future potential 

Some efforts have been made to create self-applied PSGs,56-58 which the patient can 

then apply him/herself at home saving valuable clinic time. Self-applied PSG could 

also allow continued sleep services during periods such as the Covid-19 epidemic 

which mostly halted in-lab services and PSG setups.59 Self-applied setups, however, 

do require extensive testing prior to their acceptance in clinical use. The EEG is 

typically located only on the forehead (F-channels), with no electrodes located on the 

top of the scalp (C-channels) and back of the head (O-channels) as in traditional 

PSG.39 Research on the number of failed sleep studies and a quality review of signals 

compared to home PSG set up by a sleep technologist needs to be done as well as 

patient feedback collected for optimizing the setup (see Co-design below for details). 

Self-applied setups could also facilitate the use of multi-night studies to capture night-

to-night variability and would then be less costly than in-lab or home PSG setup by 

sleep technologists.  

 

In an era when we have started to rethink many of the current standards used in sleep 

scoring, such as the fixed 30 second sleep epoch60 and the counting of respiratory 

events by the apnea-hypopnea index (AHI) to measure OSA severity,42,61 type 3 and 
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type 4 studies may have limited value in the future as they were validated against 

potentially outdated diagnostic. A type 1 or 2 PSG is important for current research 

purposes to understand better the essential signals needed for improved future sleep 

diagnostics. 

 

Actigraphy 

 

To assess “free-living” sleep conditions, multiple night recordings in the home 

environment need to be performed.62 Actigraphy studies outline a methodological 

approach for inferring both sleep and wake patterns primarily based on movement 

data from small sensors.63 In the medical field, studies that use actigraphy’s are 

typically accomplished by using a wrist actigraphy, a small watch-like device 

embedding an accelerometer, and that often also records ambient light and skin 

temperature.62 The use of actigraphy is accompanied by a subjective sleep diary like 

those discussed above. Clinical guidelines recommend that the subject wears the 

actigraphy for 7-14 days, but 72 hours of recording is generally sufficient to bill for the 

testing in the United States.62 For research purposes, 5-7 day of actigraphy 

measurement is also often used to assess sleeping behavior.64 This data can then be 

used to assess e.g., average sleep duration, chronotype (morningness vs. 

eveningness) and other sleep parameters of interest. 

 

Limitations 

In an epoch-by-epoch validation study of actigraphy against PSG, it was shown that 

they are a useful and valid means for estimating total sleep time and wakefulness after 

sleep onset but are limited in terms of specificity.65 Also, an actigraphy will not measure 

sleep stages or arousals. In studies with actigraphy, patients need to always wear the 

watch, while also keeping a sleep diary, which requires high compliance.66 False 

positives are also quite common, that is, the watch is good at detecting sleep but worse 

at detecting wakefulness.65 Finally, actigraphy is prone to technical malfunctions which 

as a result, can entail lost data which will not be discovered until the patient or research 

participant returns the device for downloading.66 

 

Future potential 
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A systematic literature review showed that the accuracy of actigraphy devices is often 

not significantly different from PSG, but they have a high variability for the same 

individual. In contrast, EEG-based devices are both more accurate and have less 

variability, whereas devices that measure behavioural aspects of sleep onset 

consistently overestimated their PSG counterpart.67 Since actigraphy is essentially 

wearable devices, there is much potential in equipping them with additional 

functionalities, such as sweating and heartrate variability or even using them as an 

addition to other type of wearables. However, adding any additional measure could 

improve their accuracy but would require them to be validated again. 

 

 

Wearables and non-wearables  

 

Self-trackers collect vital signs including sleep measurements on a continuous basis 

for millions of individuals in an unprecedented way. Wearable technology outlines an 

umbrella term for body-worn sensors with the ability to send and receive data that can 

be exchanged between the sensor and a network, such as smartwatches which 

capture the same information as an actigraphy, while also collecting a wider range of 

physiological signal data such as pulse.68-70 Other connected devices, called non-

wearables, are placed in a location near the body and used to monitor physiological 

signals. They include e.g., connected mattresses to monitor sleep patterns.71 These 

are growingly used in conjunction with wearables in health-related research 

studies.72,73 The use of wearable and non-wearable self-trackers is becoming 

increasingly popular among the general public for personal monitoring of health and 

fitness and measure vital signs on a continuous basis. As such, the devices are 

collecting unprecedented volumes of individuals’ vital signs at a very granular level, 

including movements, physical activity, step count, heart rate, sleep duration and sleep 

quality, 24 hours a day, seven days a week. The devices typically come with a mobile 

application, designed and distributed by the company that produces the self-trackers, 

where the user can see their various measurements and trends over time. In some 

cases, aggregated data can be retrieved for research purposes with the consent of the 

participants. 

 

Limitations 
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To assess the capabilities and accuracy of self-trackers to measure sleep, they need 

to be validated. To achieve this, they are compared to the gold standard PSG or 

actigraphy in a double setup either in a clinical setting or free-living environment for 

one to three nights.74-76 Numerous validation studies exist, as well as a few meta-

studies that systematically investigate the results of such validation studies. The 

results show that wearables tend to overestimate sleep time and sleep efficiency 

compared to PSG.77,78 A systematic review of wearables’ estimation of sleep onset 

showed that the estimate is adequate.79,80 Further epoch-by-epoch analysis of sleep 

stages and event-by-event analysis of e.g., breathing stops is needed to validate these 

devices and for them to be accepted in clinical use. 

 

It is worth noting that these sensors, independent of whether they are body worn or 

kept close to the body, are consumer products that are designed and developed for 

the general public and not for specific sleep disorders or for treatment purposes. The 

same holds for the accompanying digital platforms. What is concerning is that there 

are no standards, neither regarding the way the data is collected, nor in the way the 

data is analysed and visualized for the customers using the self-trackers. The 

algorithms used to analyse the data are black-boxes that are usually not disclosed 

since they are considered ‘business secrets' in this competitive market.67 There is a 

certain secrecy in the way the companies estimate sleep stages, and the sleep stage 

estimation varies between the companies so depending on the company’s definition 

behind the algorithms, the sleep stage can vary. In addition, processes and algorithms 

are frequently updated without the knowledge of the user, which means that the results 

shown in the digital platform may not be comparable over time. Moreover, there is an 

algorithmic bias81 in the analysis generated by the companies providing the sensors. 

However, if each participant wears the same device through the entirety of a study, 

and as long as the same type of devices are compared, they can be useful.  

Another point of importance is the potential for such self-trackers to induce anxiety or 

obsession with sleep with an overreliance on this data. This can cause the nicely 

coined “orthosomnia.82 

Finally, there is a clear discrepancy between the various types of self-trackers in the 

way they collect data and display it to the user.83 What is also alarming is the gap 

between the sleep community and the wearable technology companies regarding the 

way sleep is measured and communicated to the user. This gap could be bridged with 
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more communication between the stakeholders and adoption of standard metrics for 

validation of consumer self-trackers.67 

 

 

 

Future potential 

Self-trackers collect vital signs including sleep measurements on a continuous basis 

for millions of individuals in an unprecedented way. Although the devices are designed 

for personal monitoring, people are sharing their measurements with their physicians. 

Given proper guidelines and standards in addition to insightful visualization and 

meaningful statistical summaries of the various measurements, they could interpret 

events and trends in the data and use it in decision support for the patient’s care. 

Properly validated wearables and non-wearables will allow us to assess changes in 

sleep patterns over extended periods, including seasonal effects on sleep84 and sleep 

apnoea severity.85 Changes with age and weight increase, alcohol and caffeine intake, 

exercise etc. can then also be studied in much more detail than current measures 

allow. If this is done in conjunction with sleep diaries and questionnaires, very valuable 

data on sleep can be collected from any given individual. When using wearables and 

non-wearables, the sensors generate low-resolution data.86 Consequently, because 

the data from these sensors does not capture all the vital signs that a PSG does, the 

data gathering needs to include an extended period of time. 

 

TOOLS FOR MAXIMIZING FUTURE SLEEP MEASUREMENTS 

 

Data management platform – for improved clinical care and research 

 

The term “digital platform” indicates that the platform is a piece of software relying on 

resilient hardware, while it is also an intermediary that connects needs with resources; 

sellers with customers, users with service providers or patients with healthcare 

professionals.87,88 A digital platform is an organizational, technical and regulatory 

construct that facilitates value exchange and value creation. Such constructs are 

especially interesting in a healthcare context to facilitate data exchange and data 

sharing. The types of digital platforms, where the main objective is data sharing, are 

termed data management platforms.  
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For data management platforms to be utilized in sleep research, four main aspects are 

of importance. These are scalability, layered-modular architecture, security and level 

of access. Regarding scalability, the era of big data is pushing the limits of size. Big 

data is today not merely an impressive, exciting concept of the future, instead we are 

already there, gathering big data on patients and research participants for healthcare 

purposes.89 To handle this scalability, the literature suggests designing and 

developing the infrastructure of data management platforms through a layered-

modular architectural approach.90,91 Such architecture entails dividing the platform into 

a content layer, service layer, network layer and device layer. To date, digital platforms 

have mostly been designed, developed, and used for two main purposes: i) 

development platforms and ii) transaction platforms and the architecture of them 

shares similar trades, such as the layers outlined above. Development platforms are 

designed for the purpose of facilitating app development whereas transaction 

platforms, are designed for the purpose of facilitating various types of transactions,92 

where one such transaction can be data. Less focus has been on the design and 

development of digital platforms, meant for healthcare settings and designed for the 

purpose of sharing data specifically. However, the literature on digital platforms where 

the main transaction is data, is growing.88  

 

Limitations 

In healthcare, a large area of improvement is needed in relation to security and level 

of access while sharing data in general and while sharing the various types of data 

such as specified in this paper which varies in size, granularity and type. In addition to 

that, the data discussed herein originates from various types of sensors and devices, 

which makes the sharing of data, to a shared location, increasingly complex and that 

is where security and level of access comes in. Additionally, sharing data between 

end-user groups with diverse needs is also a known limitation of most healthcare 

systems. E.g., the electronic patient record is designed to serve a documenting and 

administrating purpose for healthcare professionals but has later been further 

extended to include sharing options for patients accessing data, at least in some 

countries. This divergence in design versus use is not optimal. Instead, it is truly 

important to define the end-users into stakeholder groups upfront and to structure the 

architectural choices accordingly. Few attempts have been successfully executed 
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where data can be securely shared between researchers, healthcare professionals 

and patients through the same digital platform within healthcare, where the level of 

access is controlled carefully, and that is where the potential of data management 

platforms comes in.  

 

Future potential 

Future potentials include designing and developing secure data management 

platforms for sharing data on sleep between three main types of end-users: i) 

researchers, ii) healthcare professionals and iii) patients and research participants. 

These end-user groups then have access to a subset of the data, depending on their 

level of access. This type of architecture can be used to support research through 

connecting various kinds of data, collected by healthcare professionals and patients 

into one common place. That is why we would like to argue that data management 

platforms are at the nexus of where the future of sleep research and sleep 

measurements will be, but securely through layered-modular architecture and tight 

access control. Furthermore, data management platforms can be used to display a 

variety of data, gathered through different types of devices and methods, in the same 

platform. Also, the same data presentation for devices from different manufacturers 

can then be visualized to facilitate their easier use for healthcare professionals, 

focusing on the information needs of this end-user type.  

 

Importance of co-design and co-care 

 

There is a history of failed implementations of large-scale digital infrastructures in 

healthcare settings. These digital infrastructures have been pushed down the 

organizations in top-down manner and one such example is the electronic patient 

records, which suffer from usability issues in most countries.93-95 Based on that, when 

designing and developing digital technology, such as the data management platforms 

elaborated on above, with the purpose of supporting everyday life and work, the design 

processes can differ substantially. The design process can on the one hand be done 

with detachment from the end-users (i.e., the designated users of the digital 

technology), of which the electronic patient record is a famous example, or on the 

other hand the design process can be conducted through engagement with the end-

users.88  
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There has been a longstanding focus on end-user participation and engagement in 

the design process in research,96 whereas in practice, the detachment paradigm is 

sometimes considered the most effective way forward in costly processes of large-

scale digital innovation. However, we would like to argue that when designing and 

developing digital technology to support a group of heterogenous end-users, the most 

effective way in coping with the complexity of the needs of the various stakeholder 

groups, is through end-user engagement.97 When involving the end-users, there must 

be a dual focus on empowerment of the end-users and on generating focused ideas 

which can be handed over to the developers. This can be done through co-design.  

 

Co-design refers to a collaborative creative activity where end-users, who are not 

trained in design work, engage with designers on ideas in order to further the design 

process and thus incorporate the specific needs of the end-users early on.98 More 

specifically, in co-design the design process is regarded as a specific aspect of co-

creation where the end-users are engaged as co-designers (i.e., as collaborative 

agents or actors in the design process) where it is essential that the end-users are 

seen as a valuable resource to further the design process.98 Involving the end-users 

in design is not new. In participatory design it has been the guiding philosophy for half 

a decennium. An important building block in the move towards participatory design 

was written already in 1972.99 The fundaments of co-design as an approach thereby 

entail the end-users having a voice in the design processes that ultimately impact their 

lives.100,101 In healthcare settings, where patients, healthcare professionals and 

researchers intersect and use the same digital infrastructure, in different ways, there 

is the need to involve representatives from each of those end-user groups, and not 

just one. 

 

When selecting end-users as co-designers in the care for frail patients’ context-related 

issues can be created, such as related to identity. Accordingly, in a successful co-

design process, where patients are involved, it is vital that the end-users can identify 

themselves as the future end-users of the digital technology that is being 

designed,102,103 and that the selection of representatives (i.e., co-designers) is 

diverse.97 Additionally, the co-design process can set the scene for co-care, where the 

patients are participants in their own care to a larger extent because the digital 



22 

 

infrastructure was designed by them, for them.87,97 Studies also show that healthcare 

professionals who regard the same system as their own, designed by and for them, 

are more likely to accept the system and the change it entails.97  

 

Limitations 

The main limitation of involving various types of stakeholders, is time. It takes time to 

meet with the representatives of the end-users repeatedly and show them new 

developments in the design, get their feedback and iterate that feedback into the 

design. The iterations take time, time which pays off in the long run, but still slows 

down the process in the beginning.101 Another known limitation is leveraging various 

needs and knowing when to favour e.g., the healthcare professionals over the patients 

or vice versa when they have conflicting views on the design.97  

 

Future potentials 

The way the design process is orchestrated and organized, is essential to the outcome 

and acceptance of the digital infrastructure in the long run. Facilitating the collaboration 

between the patients and their healthcare professionals early on can function as a 

basis for understanding the future use situation and can foster acceptance for the 

system, and for the change. Conclusively, design approaches, such as co-design, 

where genuine user participation is key in the design process, also have to consider 

the frail end-users and their specific needs in a co-design process, while catering to 

the needs of the healthcare professionals and ultimately researchers. This makes the 

complexity high, but a change is needed e.g., in the development of subjective 

measurements of sleep and the results will likely improve greatly the tools we have for 

both clinical and research needs, in a process such as shown in Figure 3. 

 

Improved analysis of subjective and objective data 

 

The different types of sleep data available as described above vary greatly e.g., in 

terms of subjective vs. objective nature, granularity, frequency, timespan, amount of 

noise and data quality. To extract knowledge and insights from the data, there are 

several methods, processes, algorithms and systems which fall under the 

interdisciplinary data science field, also known as data mining and analytics. These 

include pre-processing the data by removing noise and errors, extracting and 
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engineering useful and informative variables from structured and unstructured data, 

finding correlations between different measurements and events, summarizing main 

aspects of the data to give an overview, visualizing the data in insightful ways and 

inspecting trends.104 The cross-industry standard process model for data mining, or 

CRISP-DM is the most widely used model for these tasks and applies to any domain, 

including analysis of sleep data. It breaks the cyclic process into six phases which the 

practitioner is typically required to move back and forward between.105 The process, 

seen in Figure 4, usually begins with understanding the needs of the domain where 

the techniques will be deployed, together with an investigation of the available data. 

Once the relevant data has been selected, it must be prepared, which involves pre-

processing and transforming it to obtain clean target data and having the relevant 

features extracted. Next comes the actual modelling phase, where statistical and 

machine learning techniques are applied to discover insightful patterns. The resulting 

models are then evaluated to measure their performance and interpret the results. 

When the model is ready, it can be deployed and the insights that were gained from 

the process used to enhance the domain understanding. 

 

A major component of data science is the modelling phase which usually consists of 

machine learning, i.e., algorithms that improve automatically through experience or by 

using large amounts of data to learn from. The main approaches in machine learning 

are unsupervised learning, supervised learning and reinforcement learning.104,106 

Unsupervised learning is used to find similar patterns that can be used to describe 

common profiles of the observations in the data. Unsupervised learning is also used 

to detect anomalous observations that can be indications of errors in the data 

collection, or abnormal behaviour that need to be investigated further.106 In sleep 

analysis, unsupervised learning can be used to find sleep patterns in the long-term 

data of one person or phenotypes in larger datasets well as to e.g., identify sleep 

stages.25,107-111 In contrast, supervised learning requires labelled data, such as events 

and class labels of the observations.82 This approach is used to detect events during 

sleep, e.g., in OSA to discover intricate relationships between vital signs, events, sleep 

stages and phenotypes, and predict future occurrences regarding health and well-

being.112-114 

 



24 

 

Despite the vast amounts of available data of all types, the sleep research community 

has only recently started exploiting machine learning and first results indicate their 

huge potential.115 With the drastic advancement of technology and increase in 

computational power, a type of machine learning methods called deep learning have 

made a lasting mark in areas where complex, fine grained, sequential data is in 

abundance, and their prevalence continues to grow.116,117 Deep learning is a synonym 

for a variety of deep neural network architectures that are made up of several layers 

of artificial neurons, that pass features of the input data between them while optimizing 

the importance of the links connecting the neurons in order to learn the structure in the 

data, either in an unsupervised or supervised manner.118 In sleep research, deep 

neural networks have been trained on the various signals from PSG to classify sleep 

stages, detect OSA, find distinction between people with and without specific 

symptoms and predict sleep quality, to name a few.119-121 Deep learning methods 

require massive datasets during training, but their unprecedented ability to discover 

patterns in highly complex data make them the prime contender to automatically 

analyse PSG data. 

 

Limitations 

A major limitation when performing supervised machine learning in traditional sleep 

studies is the need for labelled data. This labelling requires manual scoring by an 

expert somnologist or sleep technologist, where a sleep measurement is partitioned 

into sleep stages and various events are detected. It typically takes a trained sleep 

specialist 1.5-2 hours to score one overnight polysomnography and 30 minutes for a 

type 3 sleep study.46 Although efforts have been made to automate such scoring of 

sleep measurements,122 the sleep specialist must still go over the whole recordings 

afterwards to edit the automatic scoring.39,46  

 

Another limitation is the need for computational power, especially when working with 

deep neural networks. However, cloud solutions where models can be trained in 

reasonable time are becoming more readily available. This then may raise issues of 

data security, as the data is often quite sensitive. Finally, building deep neural 

networks with complex data requires expert knowledge and sufficient training, both on 

the technical side and in the domain where the data comes from. In the absence of 

such unicorns, it will be necessary for sleep specialists to master the proper computer 



25 

 

science knowledge to work with neural networks or for computer scientists to dive into 

the domain of sleep analysis. Collaboration between experts in the two fields is also 

one way forward, which in addition fosters multidisciplinary research.  

 

Future potentials 

There is a long tradition of using PSG to diagnose sleep. However, PSG are invasive 

and time consuming to analyse, as described above. While PSG data is multivariate, 

complex and in high frequency, it only provides a one-night snapshot of the individual’s 

sleep characteristics. In contrast, data from wearables offers fewer dimensions (HR, 

steps, sleep stages, etc.), the measurements are less frequent, but they span a much 

longer time. These are gaining popularity as they offer the possibility to track and 

analyse sleep and sleeping behaviour for an extended period of time, at an individual 

level. This can be seen as a single subject (n=1) clinical trial, where an individual 

patient is viewed as the sole unit of observation in the study. The goal is then to use 

data-driven methods to determine the optimal intervention for the individual.123 As the 

individual uses the wearables for a long time, it is possible to use the data collected to 

learn the individual’s baseline behaviour and then automatically detect patterns or 

observations that are out of the ordinary and could be signs of illness or cause for an 

intervention, i.e., with a physician. The widespread use of wearables furthermore 

enables research on sleeping patterns and behaviours on larger and more 

heterogeneous cohorts of people than ever before. Recent studies confirm age-related 

changes in sleep as well as gender differences in sleep patterns.124 

 

As mentioned above, there remains much research and development of deep learning 

methods to analyse sleep data. Current deep learning applications for sleep 

measurements build on either convolutional neural networks and/or recurrent neural 

networks and have been shown to work well.116 However, they are still limited by the 

scarcity of labelled data, for which active learning and transfer learning could offer a 

solution. In addition, reinforcement learning could be used in specific cases. 

 

Active learning is an interactive machine learning scheme where the algorithm uses 

the available labelled data to train the model and then asks the expert using the system 

to label specific observations to enhance the learning and improve the model’s 

performance.125 This would be especially useful for scoring sleep measurements, 
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since the system could repeatedly query the expert for input, which leads to more 

labelled data, and perhaps provides the necessary distinction where the algorithm 

struggles, and it can thus focus its learning on the difficult grey areas. In this way, the 

algorithm actively learns from the expert. 

 

Transfer learning is an approach where a deep learning model that is trained on a data 

set in a specific domain is applied to another dataset in another domain. In the domain 

of sleep studies, there may be different devices that measure the same signals in 

slightly different ways.126 As mentioned above, deep learning models require a lot of 

annotated and labelled data, which may not always be available. When much labelled 

data exists for one device, but not for another, it is possible to train a model to detect 

events using the richly annotated data, and then apply it to the other dataset although 

it may be slightly different. This is called transfer learning. 

 

Reinforcement learning is a machine learning approach that learns optimal behaviour 

by training an algorithm for a given task using trial and error to maximize the long-term 

reward.114 It has not been applied in the sleep research community, to the best of our 

knowledge, but there is potential for it for example for personalization. As data on sleep 

patterns in continuously collected through wearables, the algorithm that computes 

quality of sleep can be personalized using deep reinforcement learning. The approach 

would then accommodate for individual patterns and behaviours and over time get 

better at assessing different sleep features at a personal level. 

 

Data science offers much potential for the future of clinical practice, and for the future 

of sleep research, from gathering a wider variety of data to sophisticated modelling 

with deep learning architectures and insightful visualizations. Herein we go through 

and suggest active learning, transfer learning and reinforcement learning as concrete 

paths to take in machine learning with sleep data but also want to forward the 

importance in developing new types of methods through sleep research as well as 

focus on longitudinal data collected through wearables.  

 

SUMMARY 

 



27 

 

In this paper, we have argued for various ways of collecting data to enlighten the sleep 

research of the future. First, we described the various types of subjective and objective 

data and discussed their limitations and future potential. Secondly, we highlighted the 

prospects of digital management platforms to store and present the data, the 

importance of co-design when designing and developing such platforms and the 

opportunities data science opens for the analysis of the data. Thirdly, we have 

demonstrated the importance of considering data from different sources in the care of 

a patient, since it provides a means of seeing a fuller picture. Most of the data 

discussed in this paper can be visualized for various stakeholder groups, through 

clever and insightful visualizations from which the healthcare professionals can draw 

informed decisions, and researchers can see trends from various sources, together in 

one visualization.  

 

As we see it, the future of sleep research, and the future of informed clinical practice 

is through the combination of various types of data. By introducing and combining new 

approaches from various research domains on the one hand and alongside patients 

and healthcare professionals on the other hand, we will be able to understand new 

widths of the impact of sleep and lack of sleep that will impact and inform both research 

and clinical work for future improvements. 
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Figures  

 

Figure 1: Examples of two different types of sleep diary, one with a quantitative 

approach where the subject needs to fill in specific times in hours and minutes and a 

qualitative one where the subjects fill in approximate times in a visual sleep diary. 
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Figure 2: Different types of objective sleep measurements. 
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Figure 3: Bedside-to-bench and Bench-to-bedside: the power of knowledge transfer 

between researchers, healthcare professionals and patients to improve both clinical 

and research outcomes. 
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 Figure 4: The pathway to improve automatic analysis of sleep measurements with 

machine learning. 
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