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Abstract 

 
Objective: To test the agreement between two measuring methods, the smartwatch Withings 

ScanWatch (WSW), and the gold standard polysomnography (PSG), for sleep parameters (total 

sleep time [TST], wake after sleep onset [WASO], light sleep, deep sleep, average heart rate) 

Methods: A total of 24 adult participants (14 men and 10 women), age 22 to 69 years (M = 

40.1 ± 13.9 years), were recruited in the study. All participants slept with the PSG and WSW 

simultaneously for one night at home.  Data collected from both devices were analysed and 

compared using descriptive statistics, paired t-tests, Pearson correlation and Bland-Altman 

plots. 

Results: A significant difference (bias) was found between measurements, for TST, WASO 

and deep sleep, overestimated TST by 57 minutes on average, underestimated WASO by 11 

minutes and overestimated deep sleep by 68 minutes. No significant difference was, however 

found for light sleep and average HR. 

Conclusion: The WSW showed mixed results compared to PSG, with differences in total sleep 

duration, wake time and deep sleep duration but a good agreement for light sleep duration and 

heart rate. Further validation is needed with epoch-by-epoch comparison throughout the night 

for the WSW compared to PSG. 

 

Key words: Sleep stages, sleep duration, wearable devices, smartwatch, validation 
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Útdráttur 

 
Markmið: Að bera saman mælingar snjallúrs Withings ScanWatch (WSW) og svefnmælingu 

(polysomnography) á svefnbreytum (heildarsvefntíma, vöku, grunnsvefni, djúpsvefni, meðal 

og meðalhjartsláttartíðni). 

Aðferð:  Samtals 24 einstaklingar, 14 karlar og 10 konur á aldrinum 22 til 69 ára (meðaltal ± 

staðalfrávik = 40.1 ± 13.9 ár), tóku þátt í rannsókninni. Allir þátttakendur sváfu bæði með 

svefnmælingu og snjallúr í eina nótt, heima hjá sér. Niðurstöður beggja tækja voru bornar 

saman og greindar. Notast var við lýsandi tölfræði, pöruð t-próf, fylgnipróf og Bland-Altman 

rit. 

Niðurstöður: Marktækur munur var á milli mælinga tækjanna á heildarsvefntíma, vökutíma 

og djúpsvefni. WSW ofmat heildarsvefntíma að meðaltali um 57 mínútur, vanmat vökutíma að 

meðaltali um 11 mínútur og ofmat djúpsvefn að meðaltali um 68 mínútur. Hins vegar var ekki 

marktækur munur á grunnsvefni og meðalhjartsláttartíðni. 

Ályktanir: Niðurstöður voru misjafnar en WSW bar vel saman við polysomnograpy um 

meðalhjartsláttartíðni og grunnsvefni. Þörf er á frekari rannsóknum. 

 

Lykilorð: svefnstig, svefnmagn, svefnmælingar, svefnúr, samanburðarrannsókn 
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Introduction 

Sleep is a vital part of life for all humans (A. M. Watson, 2017; Xie et al., 2013) and most 

animals in the world (Foley, n.d.; Siegel, 2008). It is one of the most fundamental factors in 

health (Halson, 2019; Irwin, 2015; Rémi et al., 2019; N. F. Watson et al., 2015), both physically 

and psychologically (Baglioni et al., 2016; Irwin, 2015; Walker, 2009).  

The characteristics of healthy sleep are sufficient duration, good quality, right timing, and 

regularity, as well as the absence of sleep disturbances and disorders (Medic et al., 2017; N. F. 

Watson et al., 2015). Sleep is considered to have many restorative functions (Walsh et al., 2017; 

Xie et al., 2013) such as facilitating neural plasticity, clearance of natural waste products 

(Ogilvie & Patel, 2017), restoration of energy, repairing of cell tissue, and adaptive immune 

function (Rasch & Born, 2013).  

 

Normal sleep  

Total sleep time is an essential factor in health (Chaudhry et al., 2020) and is the most 

frequently studied sleep metric (N. F. Watson et al., 2015). 

The American Academy of Sleep Medicine (AASM) and Sleep Research Society (SRS) 

recommend a minimum of 7 hours of sleep per night for adults (N. F. Watson et al., 2015). 

Although, there are factors that affect individual sleep need, such as genetic, behavioural, 

medical and environmental factors (N. F. Watson et al., 2015). Sleep requirements also vary 

between age groups (Partinen & Hublin, 2011). See Table 1. 
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Table 1. Recommended amount of sleep for different age groups 

 
Note: The table is reproduced from the Sleep Foundation guidelines (Sleep Foundation, 2019). 

 

 

In the United States about 35% of adults sleep less than the recommended 7 hours (Chaudhry 

et al., 2020; Depner et al., 2020) and 30% sleep less than 6 hours per night (Depner et al., 

2020). Insufficient sleep (≤ 6 hrs) is associated with multiple health risks such as cardiovascular 

diseases, hypertension, stroke, diabetes, weight gain, obesity, depression,  increased risk of 

mortality (Itani et al., 2017; Lee et al., 2018; N. F. Watson et al., 2015), and respiratory 

disorders (Cappuccio et al., 2010).  Insufficient sleep is also associated with impaired immune 

function, increased pain, impaired performance, increased errors, and increased accident risk 

(N. F. Watson et al., 2015).  

Athlete's performance in multiple areas (e.g., strength, speed, endurance, anaerobic power, 

reaction time, accuracy) and competitive success is also associated with sleep duration. In 

Athletes reduced sleep duration is associated with increased injury risk and illness  (Simpson 

et al., 2017; A. M. Watson, 2017). 

Excessive sleep is also associated with adverse health outcomes including cardiovascular 

disease, hypertension, stroke, diabetes, respiratory disorders, obesity, increased mortality 

(Cappuccio et al., 2010; Svensson et al., 2019) as well as increased risk of cancer mortality 

(Ma et al., 2016). 

Like sleep duration, sleep quality is important to health and wellbeing (Chaudhry et al., 

2020). Sleep quality is multifactorial and can be defined by metrics such as sleep duration (total 

sleep time [TST]), sleep onset latency (SOL), wake after sleep onset (WASO) and sleep 

efficiency (SE) (Liang & Martell, 2018; Sleep Foundation, n.d.). SE is the ratio between total 
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sleep time (TST) and time spent in bed (TIB) (TST/TIB multiplied by 100) (Reed & Sacco, 

2016; Shrivastava et al., 2014), and provides an estimate of sleep quality in percentage 

(Shrivastava et al., 2014). A subjective measure of sleep quality is often measured by validated 

questionnaires such as the Pittsburgh Sleep Quality Index (PSQI) (Neu et al., 2007). 

Many different factors can impact sleep quality, such as lifestyle (e.g., caffeine, alcohol, 

drugs, shift work, jet lag), environment (e.g., noise, light), psychological (e.g., anxiety, worry) 

and social factors (e.g., technology, globalization)  (Medic et al., 2017) (Grandner, 2017), as 

well as sleep disorders and other medical conditions (Medic et al., 2017).  

Sleep architecture is an important factor to be considered for sleep quality. Sleep 

architecture refers to sleep stages and cycles (Suni, 2020). Sleep is classified into two distinct 

stages, rapid eye movement sleep (REM) sleep and non-rapid eye movement sleep (NREM) 

sleep (Carskadon & Dement, 2011). NREM is further subdivided into three stages; N1 (light 

sleep), N2 (light sleep), N3 (deep sleep or slow-wave sleep) (Hirshkowitz & Keenan, 2011).  

Sleep is constructed in several cycles, usually 4 to 6 cycles per night, each including all four 

sleep stages (N1, N2, N3, REM). The sleep cycle normally begins in stage N1, transitioning 

into stage N2 and further into N3, completing the cycle in REM sleep (Carskadon & Dement, 

2011). The first cycle of sleep is normally the shortest, lasting on average about 70 to 100 

minutes and later cycles last for about 90 to 110 minutes (Carskadon & Dement, 2011).  In the 

first cycle, stage N1 lasts for about 1 to 7 minutes, stage N2 for about 10 to 25 minutes, stage 

N3 for about 20 to 40 minutes (Carskadon & Dement, 2011) and REM for about 10 minutes 

(National Sleep Foundation, 2020). Stage N3 is most prominent in early cycles but less in later 

cycles. REM sleep, on the other hand, lengthens in later cycles (Carskadon & Dement, 2011). 

Overall, across a night REM accounts for 20 to 25% of the total sleep time, and NREM 

accounts for 75 to 80%. With NREM further divided, N1 accounts for 2 to 5%, N2 for 45-55%, 

and N3 for 12-20% (Hirshkowitz & Keenan, 2011). See Table 2 and Figure 1. 
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Table 2. Average length of different sleep stages per night 

 
Note: REM = rapid eye movement sleep, NREM = non rapid eye movement sleep. 
a Information  (time %)  obtained from Principles and Practice of sleep Medicine (Carskadon 

& Dement, 2011; Hirshkowitz & Keenan, 2011). b Calculated based on 8 hours sleep.  

 

 

Figure 1.  Normal sleep histogram illustrating sleep stages for young adults 

 

 

Note: REM = rapid eye movement sleep, W = Wake, N1 = light sleep stage, N2 = light sleep 

stage, N3 = deep sleep stage. 

Figure reproduced from the Principles and Practice of Sleep Medicine, chapter 141; Monitoring 

human sleep (Hirshkowitz & Keenan, 2011). 

 

 

Brain activity differs between sleep stages (Stickgold & Wamsley, 2005). Sleep stages are 

identified by electroencephalographic (EEG) bandwidth activity (delta, theta, alpha, beta), 

EEG events (vertex sharp waves, sleep spindles, K complexes), eye movement activity, and 

the level of muscle tone (Carskadon & Dement, 2011). 

NREM sleep is associated with reduced neuronal activity (McCarley, 2007). Stage N1 (light 

sleep) has the lowest arousal threshold, defined by low-voltage, mixed frequency EEG activity, 

and lacking sleep spindles and K-complexes. N1 may include vertex sharp waves and slow eye 



 12 

movements (Hirshkowitz & Keenan, 2011). N1 is the lightest sleep stage, and is easily 

disrupted, lasting only for about 1 to 7 minutes (Carskadon & Dement, 2011). In stage N1, 

heart rate and breathing rate slows, and muscles relax (National Sleep Foundation, 2020).  

Stage N2 is defined by low-voltage, mixed frequency EEG, and including sleep spindles 

and K-complexes (Hirshkowitz & Keenan, 2011). N2 is also a light sleep stage but not as easily 

disrupted as N1, lasting for about 10 to 25 minutes (Carskadon & Dement, 2011), heart rate 

and breathing rate keep slowing down, and body temperature lowers (National Sleep 

Foundation, 2020).  

Stage N3 (deep sleep or slow-wave sleep) has the highest arousal threshold, defined by high 

voltage, slow-wave frequency EEG (Hirshkowitz & Keenan, 2011). N3 is the deepest sleep 

stage and is difficult to disrupt, lasting for about 20 to 40 minutes the first cycle (Carskadon & 

Dement, 2011). N3 is considered to be a restorative stage (National Sleep Foundation, 2020) 

associated with declarative memory consolidation and spatial memories (Léger et al., 2018; 

Peigneux & Smith, 2011; Zhang & Gruber, 2019), as well as with energy restoration, immunity, 

hormone release and clearing of metabolites. (Léger et al., 2018).  

REM sleep is associated with vivid dreaming and a high brain activity level (McCarley, 

2007). REM is defined by low-amplitude, mixed frequency EEG activity without K complexes 

or sleep spindles (Berry et al., 2020), very low submental activity (Hirshkowitz & Keenan, 

2011) and bursts of rapid eye movements, low muscle tone, and an EEG activation (Carskadon 

& Dement, 2011). REM sleep, begins 90 minutes into the first sleep cycle (Hirshkowitz & 

Keenan, 2011), lasting for about 10 minutes in the first sleep cycle but longer in later cycles 

(National Sleep Foundation, 2020). Heart rate and blood pressure increase, breathing rate 

increases and becomes irregular (National Sleep Foundation, 2020) and muscle tone lowers 

significantly (Carskadon & Dement, 2011). REM sleep is associated with non-declarative 

memory consolidation (Peigneux & Smith, 2011) and with regulating emotions (Blumberg et 

al., 2020). REM is considered important for learning, concentration, and mood, as well as for 

infant's central nervous system development (National Sleep Foundation, 2020). 

Various factors can affect and alter sleep stages, such as age (large factor), sleep history, 

circadian rhythms, sleep environment temperature, drugs, alcohol, sleep disturbance, and sleep 

disorders (Carskadon & Dement, 2011). 
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Abnormal sleep 

Sleep disorders are common (Chaiard & Weaver, 2019; Ramar & Olson, 2013), affecting an 

estimated 45 million people in Europe and 70 million in the United States with multiple 

negative health outcomes (Chaiard & Weaver, 2019; Seng et al., 2016) and increased morbidity 

(Chaiard & Weaver, 2019; Ramar & Olson, 2013). 

Insomnia is the most common sleep disorder (Siebern & Manber, 2011) characterized by 

difficulty initiating or maintaining sleep, with symptoms such as fatigue, irritability (Buysse, 

2013; Ramar & Olson, 2013) tiredness, memory, concentration, and attention difficulties 

(Ramar & Olson, 2013; Siebern & Manber, 2011). The diagnosis of insomnia is usually 

performed in a clinical interview and with the use of questionnaires, and a sleep diary can assist 

with the diagnosis. An actigraphy is also used on occasion, but polysomnography (PSG) is 

usually not needed (Bollu & Kaur, 2019). (See details on different sleep measurements in the 

chapter below). 

Sleep disordered breathing (SDB) is a category of disorders characterized by abnormal 

respiration during sleep, including obstructive sleep apnea (OSA) and central sleep apnea 

(CSA) (Lin & Suurna, 2018; Mohammadieh et al., 2017).  

OSA is common (Chaiard & Weaver, 2019; Huysmans et al., 2019), with a prevalence 

ranging from 9 to 38% in the general adult population (Senaratna et al., 2017).  OSA is 

characterized by upper airway collapse and repeated breathing cessations during sleep, along 

with oxygen desaturation and increased respiratory effort (Javaheri et al., 2017; Mohammadieh 

et al., 2017). OSA affects cognitive abilities and performance and increases the risk of 

accidents, cancer, mood disorders, cardiovascular disease and hypertension (Chaiard & 

Weaver, 2019). 

The less common CSA (Javaheri et al., 2017; Mohammadieh et al., 2017) is characterized 

by breathing cessation during sleep without respiratory efforts. Both OSA and CSA are usually 

diagnosed by PSG in a laboratory setting, but the alternative is a home sleep apnea test (HSAT)  

(Lin & Suurna, 2018; Mohammadieh et al., 2017).  
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Measuring sleep  

Measuring and quantifying sleep is important for health, both for understanding sleep and for 

diagnosing sleep disorders (de Zambotti et al., 2020). Measuring sleep can vary from being a 

subjective self-reporting sleep diary or a questionnaire to a more complex objective 

measurement. The gold standard method for sleep measurement is polysomnography (PSG) 

which is usually performed in a clinical or research setting (de Zambotti et al., 2019; Depner 

et al., 2020). A type 1 PSG study refers to a laboratory-based PSG, and a type 2 study refers to 

a home-based PSG (Douglas et al., 2017). (Types are shown in figure 2.) 

PSG measures a variety of physiological metrics via sensors such as electroencephalography  

(EEG) measuring brain wave activity, electrooculography (EOG) measuring eye movements, 

chin electromyography (EMG), measuring muscle tone, and electrocardiography (ECG) 

(Bianchi, 2018). The measurement of brain activity, muscle tone, and eye movements, allows 

identification of sleep stages (de Zambotti et al., 2019, 2020; Depner et al., 2020). PSG 

additionally includes parameters such as respiratory movements, airflow, oxygen saturation, 

pulse, leg movements, snoring and body position (de Zambotti et al., 2020). Limiting factors 

are cost and the requirement of special equipment and expertise, time-consuming procedures 

which are impractical for long-term use and therefore typically only performed for one night 

(de Zambotti et al., 2019). 
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Figure 2. Two types of PSG measurements 

 

PSG Type 1 sleep study 

In lab 

 

PSG Type 2 sleep study 

At home 

 
Note: This figure demonstrates two types of PSG measurements, type 1 and type 2, and their 

components.   A= brain activity, B= eye movements, C= respiratory flow, D= chin muscle tone, 

E= heart rhythm, F= body position, G= respiratory movements, H= pulse and oxygen 

saturation, I= leg movements, J= video recording, K= audio recording. Figure reprinted from 

(Erna Sif Arnardóttir et al., in press). 

 

 

The generally accepted alternative to PSG to assess ‘free-living’ sleep over a number of 

nights is actigraphy (de Zambotti et al., 2020; Sadeh, 2011). Actigraphy is wrist-worn device 

that records movement via an accelerometer to measure wake and sleep (de Zambotti et al., 

2019; Grifantini, 2014), based on the assumption that when transitioning from wake to sleep, 

motion is progressively reduced (de Zambotti et al., 2015).  The device uses algorithms to score 

wake and sleep, providing information on total sleep time, wake time, and sleep efficiency 

(Stone & Ancoli-Israel, 2011).  
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Some actigraphy devices also record data on ambient light, skin temperature, and sound. 

Actigraphy has advantages over PSG, being less costly, less cumbersome, and able to monitor 

sleep in a more natural environment for a longer period of time (Blackwell et al., 2011). 

Compared with PSG, actigraphy has high sensitivity (ability to detect sleep) but low specificity 

(ability to detect wake), resulting in an overestimation of sleep time and underestimation of 

wake time (de Zambotti et al., 2019; de Zambotti, Godino, et al., 2016; Marino et al., 2013; 

Schade et al., 2019; Svensson et al., 2019). Along with actigraphy, a sleep diary is often used 

for a subjective assessment of sleep  (Walsh et al., 2017). 

Outside the clinical and research setting, the consumer sleep technology (CST) market has 

opened the possibility for the general public to self-monitor their sleep (de Zambotti, Godino, 

et al., 2016; Ko et al., 2015).  

CSTs are computer-based systems commercially sold to the general public to improve or 

self-monitor sleep (Ko et al., 2015). CSTs include wearable sleep-tracking devices (e.g., 

watches, armbands, smartwatches, headbands, rings, sensor clips) (de Zambotti et al., 2019) 

and non-wearable (non-contact) sleep-tracking devices (e.g., mattresses) (de Zambotti et al., 

2020), as well as utilizing mobile device applications (apps) (Ko et al., 2015). These low-cost 

devices claim to measure various physiological signals, often using a multiple sensor approach 

(de Zambotti et al., 2019, 2020; Walch et al., 2019). 

Like actigraphy, wearable sleep monitoring devices primarily use motion-sensing via an 

accelerometer to measure wake and sleep (de Zambotti et al., 2019; Grifantini, 2014). 

Therefore, motion-only-based wearables can incorrectly identify stillness in wake for sleep, 

consequently overestimating total sleep time (de Zambotti et al., 2019; Walch et al., 2019). In 

addition to an accelerometer, numerous other sensors may be included (e.g., 

photoplethysmography, temperature sensors, skin conductance sensors) (de Zambotti et al., 

2019, 2020). Photoplethysmography (PPG) is an optical measurement that uses light and a 

photodetector on the skin surface to measure the changes in blood volume (Castaneda et al., 

2018; Walch et al., 2019). PPG sensors are used to monitor both heart rate and pulse oximetry 

(Castaneda et al., 2018). 

As consumer technology advances, there is a growing potential for utilizing CST as an 

alternative in clinical and research settings. Regardless, there are concerns about CST accuracy, 

reliability and validity (de Zambotti et al., 2020; Liang & Martell, 2018; Walch et al., 2019). 

Algorithms used by CST companies are usually proprietary (de Zambotti et al., 2020; 

Grifantini, 2014; Gruwez et al., 2019) and are not independently validated (de Zambotti et al., 
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2020). CST companies also typically do not reveal their raw data, and therefore no validation 

is available for direct sensor output comparison (de Zambotti et al., 2020). 

The lack of transparency and the uncontrolled and unregulated nature of CST (de Zambotti 

et al., 2020; de Zambotti, Godino, et al., 2016; Dunn et al., 2018) is a limiting factor for clinical 

and research use (de Zambotti et al., 2019; Walch et al., 2019). Poor validation is considered 

to be the main limiting factor (Depner et al., 2020). 

 

 

Aims and Hypothesis 

The aim of this study is to test the agreement between the gold standard polysomnography and 

the Withings ScanWatch for sleep parameters. The primary objectives are to assess the validity 

of the Withings ScanWatch in measuring total sleep time and wake after sleep onset compared 

to PSG. The secondary objective is to assess if the Withings ScanWatch is valid in measuring 

time in specific sleep stages (light sleep and deep sleep) compared with PSG. The third 

objective is to assess if the Withings ScanWatch is valid in measuring heart rate compared to 

PSG. 

 

Hypothesis 1: There is significant difference between WSW and PSG measures for TST  

Hypothesis 2: There is significant difference between WSW and PSG measures for WASO  

Hypothesis 3: There is significant difference between WSW and PSG measures for time in 

sleep stages. 

a) For time in light sleep (N1+N2).  

b) For time in deep sleep (N3 + REM) 

Hypothesis 4: There is a significant difference between WSW and PSG measures for average 

heart rate.  
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Methods  

 
Participants 

A total of 24 adult participants were recruited in the study via convenience sampling, 14 men 

and 10 women. Age ranged from 22 to 69 years. 

The study was approved by The National Bioethics Committee and the Icelandic Data 

Protection Authority (VSN 21-070), and all participants provided their written informed 

consent. 

 

Equipment  

The Withings ScanWatch (WSW) is a hybrid smartwatch that uses an accelerometer to measure 

movement and a PPG sensor to measure heart rate, heart rhythm, breathing rate, and effort, as 

well as oxygen saturation (Withings, n.d.-a, n.d.-b, n.d.-c). The WSW identifies sleep stages 

(light sleep and deep sleep) through heart rate, breathing rate, and actigraphy analysis using 

proprietary algorithms (Withings, n.d.-a). The WSW requires a smartphone or a tablet, the 

Withings Health Mate application (app), and a Wi-Fi connection for installation. After 

installation, the Wi-Fi is automatically turned off during the night and reactivates upon waking 

up.  

A Nox A1 PSG system (Nox Medical, n.d.) was used to record various physiological 

signals: EEG, EOG, chin EMG for detection of sleep stages and sleep fragmentation, a nasal 

cannula for respiratory flow, thorax, and abdomen belts for respiratory movements and pulse 

oximeter for pulse wave and oxygen saturation (SpO₂), accelerometer for movements and 

position, tibial EMG for leg movements and ECG and audio. See Figure 3. 
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Figure 3. The Nox A1 polysomnography setup for recording of various physiological signals 

 

 
 

Note. This figure demonstrates the included physiological signals, electroencephalography 

(EEG), electrooculography (EOG), chin electromyography (EMG), nasal airflow, audio, snore 

sound, respiratory movements of thorax and abdomen, pulse wave and oxygen saturation 

(SpO₂), movements and position, tibial EMG, and electrocardiography (ECG). Figure courtesy 

of Nox Medical, Reykjavík, Iceland. 

 

 

Study design and Procedure 

The study applied quantitative research design, collecting and analysing statistical data on sleep 

variables for the two devices, Withings ScanWatch (WSW) and polysomnography (PSG). 

The study´s measurements were conducted from February 4th to April 25th, 2021. 

The preparation and equipment set up took place at Reykjavík University (RU). 

All participants were asked in advance to arrive freshly bathed with clean, dry hair. Upon 

arrival the study was explained in detail and any questions answered. The participants were 
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asked to wear the WSW on the non-dominant hand, and the Withings Health Mate app was set 

up for each participant on RU tablets.  

The PSG was placed on the participants by a sleep technologist. In addition, height and 

weight were measured for all participants. 

Participants slept with the PSG device and the WSW at home for one night. Participants 

removed the PSG equipment by themself the next morning, returned it along with the WSW to 

RU.  

 

Data pre-processing 

The data assessed from the PSG measurements was downloaded and automatically scored 

according to the AASM scoring manual (v2.6, 2020).  

To be noted, the PSG measures identify all four sleep stages separately (N1, N2, N3 and 

REM), on the other hand WSW only identifies two stages, light sleep and deep sleep. For 

comparison purposes, PSG N1 and N2 were added together for light sleep, and N3 and REM 

were added together for deep sleep. REM sleep is normally not classified as deep sleep, but as 

a separate sleep stage (REM stage).  

The data from the WSW was downloaded via the Withings website (withings.com). 
 

Data analysis 

The statistical analysis software SPSS, version 26, was used for all statistical analyses and for 

construction of Bland-Altman plots.  All tables were constructed in Microsoft Excel (v.16.49).  

Descriptive statistics (mean, standard deviation) were computed for participant's basic 

characteristics (gender, age, height, weight, and body mass index), as well as for sleep variables 

(TST, WASO, light sleep, deep sleep, average HR). Paired samples t-tests were applied for 

comparison between PSG and WSW measures, confidence interval (CI) of ± 95%, statistical 

significance set at p < 0.05. 

The mean difference (bias) between the two measuring methods (WSW-PSG) was 

calculated for the relevant sleep variables and tested for normal distribution (Kolmogorov-

Smirnov [KS] and Shapiro-Wilk [SW] tests of normality), to meet the significant tests (t-test) 

assumption of normality. A KS and SW significant value of p < 0.05 indicates a deviation from 

normality (Field, 2013).   

A correlation (Pearson correlation coefficient) analysis was performed to measure the 

degree of association between the two measurement methods. The 95% limits of agreement 
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were calculated (mean difference ± 1.96 standard deviation) for all sleep variables and Bland-

Altman plots were constructed to estimate the agreement between the two measuring methods. 

(Bland & Altman, 1995, 2003). 
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Results   

A total of 24 adults participated in the study. Gender distribution was relatively even with 14 

men (58%) and 10 women (42%). Age ranging from 22 to 69 years, with a mean of 40 ± 13.9 

years. Participants mean body mass index (BMI) was 27.6 ± 4.9 kg/m². 

 

 

Table 3. Participant basic characteristics and sleep study result summary for 

polysomnography (PSG) and Withings ScanWatch measures. 

 
Note: n = number of participants, SD = standard deviation, BMI = body mass index, N1 = 

light sleep stage, N2 = light sleep stage, N3 = deep sleep stage, REM = rapid eye movement 

sleep. 
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Total Sleep Time (TST) 

The WSW measures for participants´ TST showed a mean value of 484.5 ± 80.4 min, and the 

PSG measures showed a mean value of 431.3 ± 65.9 min. The WSW therefore overestimated 

TST by 53.3 ± 108.5 min on average. See Table 4.  

The Pearson correlation coefficient showed no correlation between the two measures (r = 

0.09, p = 0.672). A paired t-test between the two measures, showed a significant difference, t 

(23) = 2.404, p = 0.025. Bland-Altman plot for TST shows the bias between the mean 

difference in the two measuring methods, and the 95% agreement interval. See Figure 4.  

It is important to note that the TST difference variable did not meet the assumption of 

normality (positive skewness), the sample size was relatively small and there were two extreme 

outliers spotted in TST difference data. The outliers were, however, not excluded as they did 

not affect the significance test (t test) result. 

 

 

Table 4. The comparison of sleep variables between gold standard polysomnography (PSG) 

and Withings ScanWatch (WSW). 

 
Note: SD = standard deviation, TST = Total sleep time, WASO = wake after sleep onset, HR 

= heart rate. *p < 0.05. **p < 0.01. 
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Figure 4. Bland-Altman plot for total sleep time (TST) 

 

 
Note: Solid orange line refers to the bias (mean), and the dashed blue lines refer to the upper 

and lower limits of agreement (mean difference ± 1.96 standard deviation). The y-axis 

represents the difference between WSW and PSG measures, and x-axis represents the mean of 

WSW and PSG. 
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Wake after sleep onset (WASO) 

The WSW measures for participants´ WASO showed a mean value of 15.4 ± 12.6 min, and the 

PSG measures showed a mean value of 26.5 ± 20.9 min. The WSW therefore underestimated 

WASO by -11.0 ± 20.4 min on average. See Table 4.  

The Pearson correlation coefficient showed a medium correlation between the two measures 

(r = 0.344, p = 0.10). A paired t-test between the two measures showed a significant difference, 

t (23) = -2.653, p = 0.014. The WASO difference variable, was normally distributed according 

to a Kolmogorov-Smirnov test (p = 0.185). Bland-Altman plot for WASO shows the bias 

between the mean difference in the two measuring methods, and the 95% agreement interval. 

See Figure 5. 

 

Figure 5. Bland-Altman plot for wake after sleep onset (WASO) 

 

 
Note: Solid orange line refers to the bias (mean), and the dashed blue lines refer to the upper 

and lower limits of agreement (mean difference ± 1.96 standard deviation). The y-axis 

represents the difference between WSW and PSG measures, and x-axis represents the mean of 

WSW and PSG. 
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Light sleep  

The WSW measures for participants´ time in light sleep showed a mean value of 246.3 ± 85.3 

min, and the PSG measures showed a mean value of 260 ± 58.3 minutes. The WSW therefore 

underestimated light sleep by -14.28 ± 102.4 min on average. See Table 4.  

The Pearson correlation coefficient showed no correlation between the two measures (r = 

0.02, p = 0.926). Paired t-test between the two measures showed non-significant difference (t 

(23) = -0.683, p = 0.501). The light sleep difference variable, was normally distributed 

according to a Kolmogorov-Smirnov test  (p = 0.200) and a Shapiro-Wilks test (p = 0.999). 

Bland-Altman plot for light sleep shows the bias between the mean difference in the two 

measuring methods, and the 95% agreement interval. See Figure 6. 

 

 

Figure 6. Bland-Altman plot for light sleep 

 

 
Note: Solid orange line refers to the bias (mean), and the dashed blue lines refer to the upper 

and lower limits of agreement (mean difference ± 1.96 standard deviation). The y-axis 

represents the difference between WSW and PSG measures, and x-axis represents the mean of 

WSW and PSG. 
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Deep sleep 

WSW measures for participants´ time in deep sleep showed a mean value of 238.3 ± 63.3 min, 

and the PSG measures showed a mean value of 170.7 ± 70.1 min. The WSW therefore 

overestimated deep sleep by 67.5 ± 86.7 min on average. See Table 4.  

The Pearson correlation coefficient shows low correlation between the two measures (r = 

0.16, p = 0.459). A paired t-test between the two measures showed a significant difference (t 

(23) = 3.817, p <=0.001). The deep sleep difference variable, was normally distributed 

according to a Kolmogorov-Smirnov test  (p = 0.200) and a Shapiro-Wilks test (p = 0.801). 

Bland-Altman plot for deep sleep shows the bias between the mean difference in the two 

measuring methods, and the 95% agreement interval. See Figure 7. 

 

 

Figure 7. Bland-Altman plot for deep sleep  

 

 
Note: Solid orange line refers to the bias (mean), and the dashed blue lines refer to the upper 

and lower limits of agreement (mean difference ± 1.96 standard deviation). The y-axis 

represents the difference between WSW and PSG measures, and x-axis represents the mean of 

WSW and PSG. 
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Average heart rate 

WSW measures for participants´ average HR showed a mean value of 66 ± 11 beats per minute 

(bpm), and PSG measures showed a mean value of 66 ± 10 bpm. The mean difference was -

1.04 ± 4.67 bpm where WSW underestimated the average HR by 1 bpm on average. See Table 

4.  

The Pearson correlation coefficient shows high significant correlation between the two 

measures (r = 0.925, p = 0.000). A Paired t-test between the two measures showed a non-

significant difference, t (22) = -1.067, p = 0.297. Bland-Altman plot for average HR shows the 

bias between the mean difference in the two measuring methods, and the 95% agreement 

interval. See Figure 8. 

It is important to note that the average HR difference variable did not meet the assumption 

of normality (negative skewness), the sample size was relatively small and there were two 

extreme outliers spotted in the average HR difference data. The outliers were, however, not 

excluded as they did not affect the significance test (t test) result. 

 

Figure 8. Bland-Altman plot for average heart rate (HR) 

 

 
Note: Solid orange line refers to the bias (mean), and the dashed blue lines refer to the upper 

and lower limits of agreement (mean difference ± 1.96 standard deviation). The y-axis 

represents the difference between WSW and PSG measures, and x-axis represents the mean of 

WSW and PSG. 
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Discussion  

The WSW measures for TST, WASO and deep sleep duration significantly differed on average 

from the gold standard PSG measures, indicating that the sleep variable cannot be used as such 

in the WSW device. However, the WSW measures for average HR were similar to the PSG, 

and can therefore be used for nocturnal HR measurements. 

The results from the study are in line with the literature for other consumer devices 

(Actiwatch, Garmin Fenix 5s, Garmin Vivosmart 3 and EarlySense Live) which tend to 

overestimate TST and underestimate WASO (Chinoy et al., 2020; de Zambotti et al., 2015, 

2020; Devine et al., 2020). Recent studies show mixed result in estimating light sleep and deep 

sleep (Chinoy et al., 2020; Svensson et al., 2019), with some devices (ResMed S+, Sleep Score 

Max) overestimating both light sleep and deep sleep (Chinoy et al., 2020), and other devices 

(EarlySense Live, Misfit shine, Fitbit Flex, Withing Pulse O2, Fitbit Versa) underestimating 

light sleep (Chinoy et al., 2020; Gruwez et al., 2017; Svensson et al., 2019). The results from 

this study showed and underestimate of light sleep and an overestimate of deep sleep. For 

average HR, this study showed very similar results as previous studies do, (de Zambotti, Baker, 

et al., 2016; Haghayegh et al., 2019) validating the use of WSW for HR measurements. 

As with most studies there are some limitations of the study. All participants were selected 

by convenience and may therefore not show generalizable results. The sample size was 

relatively small, limiting the statistical power. Although participants slept at home with the 

devices, measuring participants only for one night is a limiting factor, as the PSG device is 

cumbersome and a potential first night effect may be found for overall sleep quality. However, 

as the participants slept with both devices simultaneously, this should not impact the 

comparison between devices per se. 

Future studies should consider a larger sample size, randomly chosen, with a more diverse 

population, considering age, race, and ethnicity. For the possibility of using WSW as a 

screening device in a clinical setting, both healthy individuals and individual with sleep 

disorders such as OSA and insomnia, as well as other diseases (e.g., cardiovascular diseases, 

diabetes, obesity) should be considered. Participant screening procedure also should include 

caffeine intake, alcohol consumption, medications, and drugs to assess their effect as 

confounders. A detailed comparison of epoch-to-epoch data (30 seconds scored for a sleep 

stage in PSG at a time), between the WSW and PSG would also clarify further where the 

difference between device is found and whether the WSW algorithm can be adapted to improve 

its validity in assessing sleep stages. 
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Conclusion  

Consumer sleep technology, like the WSW have great potential in facilitating sleep 

measurements and give the general public an opportunity to self-monitor sleep. Regardless, 

they need to be reliable and valid. In this preliminary study, the WSW was compared against 

the gold standard PSG with mixed results, the WSW showed good agreement with PSG for 

Average HR, but not with overall sleep variables. Further validation is needed with a larger 

sample size and a more diverse population group. 
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