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Abstract

Wearable devices provide their users with feedback and guidance for daily behavior. The objective
of this thesis was to develop new algorithms for wearable devices and validate them for long-term
assessment of human health-related behavior. In addition to technical accuracy, attention was also
paid to feasible long-term use and usability as a research tool at big scale.

The main sensor arrangements in this work were a digital accelerometer integrated into a wrist-
band and optical photoplethysmographic sensor integrated into a wellness ring. In this work, new
algorithms were developed for quantification of daily physical activity and sleep schedule. The
same technology was also used to evaluate physiological responses in resting heart rate and heart
rate variability. The measurements were validated against gold standard methods. In addition to
separate measurements, the use of the sensor solutions was extended to a combined big data
evaluation of lifestyle factors, sleep quality and body responses.

The algorithms embedded in the wrist-band were able to detect a training-induced change in
daily energy expenditure. The developed models explained 62–85% of the inter-individual
variability in total energy expenditure. High agreement between ring PPG and the ECG based
measurement of night-time heart rate variability was shown (r2=0.980). In addition, the results
showed that the data gathered with the ring reflect behavioral, societal and seasonal effects on
resting heart rate at the population scale. Moreover, the collected data displayed how bedtime
inconsistency and alcohol consumption negatively affect human recovery by means of reduced
HRV and worsened sleep quality.

The solutions developed in this work combine daily physical activity and nightly recovery
metrics. The methodology has already been embedded in commercial devices that are used world-
wide. The biggest dataset of this work analyzes human body responses from over 55,000 subjects
and provides the highest available precision for human responses to seasons. This work studied
healthy individuals; future work will enable more accurate tracking of other groups as well,
including people with physical disability, pregnancy and arrhythmia.

Keywords: accelerometer, ECG, energy expenditure, health behavior, light detector,
physical activity, pulse frequency, sleep, wearable device
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Tiivistelmä

Puettavan teknologian tuotteet tarjoavat käyttäjilleen henkilökohtaisen palautejärjestelmän päi-
vittäisen käyttäytymisen seurantaan ja ohjaukseen. Tämän tutkimuksen tavoitteena oli kehittää ja
validoida uutta puettavaa anturiteknologiaa terveyskäyttäytymisen mittaamiseen. Teknisen suo-
rituskyvyn lisäksi kehitettävältä teknologialta edellytettiin käyttömukavuutta pitkäaikaisissa mit-
tauksissa ja käyttökelpoisuutta tutkimustyökaluna laajoissa aineistoissa.

Väitöskirjatyön tärkeimmät mittausjärjestelyt olivat rannekkeeseen integroitu digitaalinen
kiihtyvyysanturi ja hyvinvointisormukseen integroitu pulssimittaus. Työssä kehitettiin laskenta-
menetelmät päivittäisen liikunta-aktiivisuuden ja unirytmin mittausta varten. Samalla teknologi-
alla mitattiin myös kehon fysiologisia vasteita – leposykettä ja sykevaihtelua. Mittaukset vali-
doitiin luotettavilla vertailumenetelmillä. Erillisten mittausten lisäksi työssä yhdistettiin päivän
toiminnan, yöunen laadun ja kehon vasteiden havainnointi laajoissa aineistoissa.

Rannemittariin integroidulla laskentamenetelmällä pystyttiin toteamaan liikuntaharjoittelun
vaikutus päivittäiseen energiankulutukseen. Kehitetyt mallit selittivät 62–85 % yksilöiden väli-
sestä päivittäisen energiankulutuksen vaihtelusta. Sormuksessa toimiva sykevaihtelun arviointi-
menetelmä voitiin todeta erittäin luotettavaksi EKG:hen verrattuna yön yli tehtävissä mittauksis-
sa (r2 = 0,980). Tulosten mukaan sormuksella kerätyllä datalla pystyttiin myös havainnollista-
maan käyttäytymisen ja vuodenaikoihin liittyvien tekijöiden vaikutuksia leposykkeeseen ja
sykevaihteluun. Analysoitu data esimerkiksi osoitti unirytmin epäsäännöllisyyden ja alkoholin-
käytön vaikuttavan kielteisesti palautumiseen, mikä ilmeni alentuneena sykevaihteluna ja huo-
nompana unen laatuna.

Työssä kehitetyt ratkaisut yhdistävät päivän aktiivisuuden ja yön palauttavuuden mittauksen.
Menetelmät on otettu käyttöön kuluttajatuotteissa, joita käytetään eri puolilla maailmaa. Suurin
aineisto tarkastelee yli 55 000 käyttäjän leposykkeitä ja muodostaa laajimman koskaan toteute-
tun vuodenaikaan liittyvien fysiologisten vasteiden tutkimuksen. Tämän tutkimuksen aineistot
koostuivat pääsääntöisesti terveistä henkilöistä; tulevat tutkimukset selvittävät kehitetyn tekno-
logian soveltuvuutta myös muille käyttäjäryhmille, esimerkiksi liikuntarajoitteisille, raskaana
oleville ja rytmihäiriöistä kärsiville.

Asiasanat: ECG, energiankulutus, fyysinen aktiivisuus, kiihtyvyysanturi, puettava laite,
sydämen lyöntitaajuus, terveyskäyttäytyminen, uni, valoanturi
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Abbreviations and symbols  

ANS Autonomic nervous system 

B-A Bland-Altman analysis, or plot, according to the names of two 

scientists 

BH Body height (m) 

BM Body mass (kg) 

CO2 Carbon dioxide (mol) 

CVD Cardiovascular disease 

DLW Doubly labeled water, water molecule (H2O) that contains heavy 

isotopes of deuterium (2H) and oxygen (18O). A technique that 

follows up the dilution of DLW in body water. 

DS Dataset 

ECG Electrocardiography: measurement of electrical activity of the heart, 

usually with adhesive pads on the skin. Electrocardiogram: the 

graphical representation of the corresponding signal. 

EE Energy expenditure (kcal) 

EMG Electromyogram: measurement of muscle electrical activity 

EOG Electro-oculogram: electrical measurement of eye movement 

activity 

FAO Food and Agriculture Organization of the United Nations 

FFM Fat free mass (kg) 

f_hand Frequency of hand movements (movements∙min-1) 

f_hand_n Frequency of hand movements normalized for non-linearity 

(normalized movements∙min-1) 

Fs Frequency of sampling (Hz) 

h hour 

HRM Heart rate monitor 

HRmax Maximal heart rate (bpm) 

HRV Heart rate variability. In this work, a time domain parameter rMSSD 

(ms) is used as the measure of HRV. HRV is measured using ECG 

and estimated using PPG signal. 

IBI Inter-beat interval (ms) 

IPAQ International physical activity questionnaire 

IQ Interquartile, between 25th and 75th percentiles 

LoA Limits of agreement (usually 95% LoA) 
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MET Metabolic equivalent, presented as multiples of basal metabolism. 

Unit of physical activity level. 

MS Motion sensor. In this work, a device with a built-in accelerometer 

sensor and circuitry that detects motions. 

nd Not determined 

non-REM Non-rapid eye movement sleep. A sleep stage that is classified 

further into N1, N2 or N3. 

O2 Oxygen (mol) 

p probability value, used in statistical analysis (value between 0–1) 

PAL Physical activity level (MET) 

PALIC Physical activity level determined by indirect calorimeter (MET) 

PALMS Physical activity level determined by motion sensor (MET) 

PALDLW Physical activity level determined by the DLW technique (MET) 

PPG Photoplethysmography: optical measurement technique that assesses 

the change of blood volume in tissue bed. Photoplethysmogram: 

illustration of the corresponding signal. 

PSG Polysomnography 

r Coefficient of correlation (value between –1 and +1) 

rCO2 The rate of CO2 production (mol∙day-1) 

REE Resting energy expenditure (MJ∙day-1) 

REEBM Resting energy expenditure calculated using body mass (MJ∙day-1) 

REEFFM Resting energy expenditure calculated using fat free mass (MJ∙day-1) 

REM A sleep stage characterized by rapid eye movements 

RHR Resting heart rate (bpm), measured using ECG or estimated using 

PPG signals 

RM Repetitions maximum (kg). For example, 1RM refers to maximum 

load a person can perform once in a resistance training exercise. 

rMSSD Root mean square of succeeding differences (ms). A measure of 

HRV. 

SD Standard deviation 

TEEDLW Total energy expenditure determined using the DLW technique 

(MJ∙day-1) 

TEEMS Total energy expenditure estimated using motion sensor (MJ∙day-1) 

TEEMS+HRM Total energy expenditure estimated using the combination of motion 

sensor and heart rate monitor (MJ∙day-1) 

VCO2 Carbon dioxide production (l∙min-1) 

VO2 Oxygen uptake (l∙min-1) 
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VO2peak Peak oxygen uptake during an exercise test (l∙min-1). A measure of 

peak cardiovascular performance. 

WHO World Health Organization 
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1 Introduction 

Wearable technology has the potential to quantify health-related behavior, and it 

can provide a feasible method for long-term data collections in research and 

practice. This thesis has a focus in two wearable sensors: digital accelerometer for 

detecting movements and photoplethysmographic (PPG) sensor for detecting heart 

pulse signal on finger. Peripheral skin temperature measurement and conventional 

electrocardigraphy (ECG) based heart rate (HR) monitoring are used as additional 

measurements. These sensors can be used to assess health-related behavior and 

body responses. Instead of maximizing accuracy only, the focus of this thesis is on 

most ubiquitous sensing and most robust algorithms that can enable large scale and 

long-term data collections. The sensors can be worn in several places in the body, 

in the simplest form, by wearing the sensors on a finger. 

There are several health-related behaviors that can be assessed by wearable 

sensors: this work studies daily activity-induced energy expenditure (EE), sleep 

duration and the consistency of sleep rhythm. From among body responses that are 

detectable by these sensors, nocturnal resting heart rate (RHR), heart rate variability 

(HRV) – estimated using PPG – and sleep quality parameters have been selected 

for this work. As an example, the response of RHR to alcohol is studied. Positive 

body responses to training, cardiovascular fitness and muscle strength are also 

analyzed in one of the studies. Table 1 below summarizes the health-related 

behaviors and physiological responses studied in each of the five publications of 

this thesis. The population level society and lifestyle factors that are considered in 

relation to RHR include distinct dates, weekends, and seasonality because of their 

practical significance, and because they were considered suitable to test the utility 

of wearable devices for population wide use. 

Table 1. The health-related behaviors and physiological responses studied in the 

Publications I–V. 

  Publication 

Behavior / Physiological Response Type I II III IV V 

Physical activity  B; W ✔ ✔   ✔ 

Aerobic power and muscle strength R  ✔    

Resting HR and HRV R; W   ✔  ✔ 

Sleep timing B; W    ✔  

Sleep quality R; W    ✔  

Alcohol use B     ✔ 

B = Behavior. R = Response. W = Assessment with wearables. 
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1.1 Research scope and objectives of this thesis 

This thesis utilizes a multidisciplinary theory from technical, exercise and health 

sciences. The applicability of the methods in real-life context is a priority. The 

vision behind this work is a world where individuals have the means to become 

aware of how their behaviors and habits affect their health and well-being 

personally.  

This thesis aims to develop and validate a new technology for the long-term 

assessment of personal health-related behavior, and to illustrate its utility in 

big data collections. More specific objectives are the following: 

1. to develop a feasible method for the estimation of the intensity and amount of 

daily physical activity using wrist-worn wearable sensors, and evaluate its 

ability to detect a change induced by participation in regular exercise, 

2. to study the accuracy of wearable PPG signal for the estimation of nocturnal 

physiological recovery parameters, 

3. to study the applicability of the wearable sensors for big data use with concrete 

examples that could link daily lifestyle to nightly recovery at the population 

scale. 

1.2 Contributions of original publications 

To achieve objective 1, study of Publication I provides new algorithms for physical 

activity monitoring, and study of Publication II validates the developed 

methodology in moderately active people before and during their regular exercise 

participation. To attain objective 2, study of Publication III validates a wellness ring 

for the assessment of nocturnal HRV values. Aligned with objective 3, large scale 

studies in Publications IV−V were conducted to illustrate the potential of the 

wearables in displaying how behavior and lifestyle factors affect sleep, RHR, and 

HRV.  

Fig. 1 illustrates the distribution of the original publications according to the 

time of publication, sensor type, and application area. The author has also 

contributed to other scientific and patent publications, which have created essential 

background for this work. They are listed in Appendix A and referenced when 

appropriate. 
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Fig. 1. The thesis consists of five original Publications (I–V). They develop new 

algorithmic methods for wearable sensors, validate them, and present their utility in 

long-term use. Digital accelerometer and photoplethysmographic (PPG) sensor are 

used. Electrocardiogram (ECG) is a complementing (Publication II) or a reference signal 

(Publication III). Patents and other scientific publications with the author’s contribution, 

which are references of this work, are marked by triangles and circles, respectively (see 

Appendix A). The location on the horizontal axis is determined from the publication year 

of the scientific work or from the priority year of the patents.  

Publication I developed methods and evaluated wrist-worn actigraphy in the 

estimation of short- and long-term energy EE. The study was accomplished in 

collaboration with the University of Jyväskylä and Finnish Defence Forces as a part 

of a bigger study (Tanskanen et al., 2011, 2012). The author of this thesis 

participated in study planning and data collection phase as the expert of assessment 

of physical activity, developed Matlab scripts for the estimation of EE from motion 

sensor (MS) counts, body height (BH) and body mass (BM), analyzed physical 

activity and the gold standard reference EE measurements; and was responsible for 

the drafting and finalizing the manuscript of the journal article.  

Publication II evaluated the ability of a wrist-worn physical activity monitor to 

detect a change in long-term EE induced by added participation in physical exercise. 

The study was part of a series of training intervention studies performed at the 

University of Jyväskylä (Schumann, Yli-Peltola, Abbiss, & Häkkinen, 2015) and 
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additionally allowed comparison to health markers, including cardiovascular 

fitness, muscle strength, and body composition changes. The author of this thesis 

participated in study planning and data collection phases as the expert of 

assessment of physical activity and HR monitoring; developed required methods 

for combining wrist motion and HR-based energy estimates; analyzed the results 

from wearable sensors and the gold standard doubly labeled water EE 

measurements, and was responsible for the drafting and finalizing of the manuscript 

of the journal article. 

Publication III described the photoplethysmographic (PPG) sensor-based 

technology of a wellness ring and analyzed its capability of estimating RHR and 

HRV during an overnight measurement. The study also discussed current and 

potential future applications of long-term PPG measurements. The author of this 

thesis coordinated the study design, was responsible for the processing of heartbeat 

intervals into the HR and HRV parameters, completed statistical analysis and was 

responsible for the writing of the manuscript. 

Publication IV presented a population-scale case analysis of wearable device 

data. The data of 9,333 Oura ring users were analyzed to evaluate the dependencies 

among sleep schedule consistency, sleep amount and sleep quality. Further on, it 

introduced a method for the estimation of personal optimal bedtime window using 

individual long-term sleep data. The author of this thesis contributed to study 

design and data analysis and participated in the preparation and finalizing of the 

manuscript as the second author. 

Publication V displayed a big data analysis of how lifestyle, society and 

seasonality factors link to RHR in 57,278 users of the Oura ring. The longest 

continuous wearing periods were 2.5 years long. The author of this thesis 

contributed to study design and data analysis equally with the first author and 

finalized the manuscript text. 
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2 Review of the literature  

2.1 Terminology 

This work uses wearable body sensors to quantify health-related behavior and 

characterize associations between daily behavior and nightly physiological 

responses in long-term measurements. Terms activity, behavior, health, health-

related behavior, sleep, and sleep health are used in this thesis with the following 

meaning.  

Activity: The term activity is used to refer to physical activities. From a 

wearable sensors point of view, an accelerometer responds to single motions or 

actions, and algorithmic means are needed to integrate and interpret when a series 

of motions represent an activity or a behavior (Siirtola, 2015). In gym training, a 

series of repetitive motions is an activity, for example a bench press exercise. It is 

also noteworthy that also sedentary time or time spent in bed are considered 

activities even though they represent time with very low intensity moves, or no 

moves at all.  

Behavior: A physical behavior consists of one or several activities. What sets 

behavior apart from activity is that it always has a target, a start and an end (Siirtola, 

2015). This thesis studies health-related behaviors, particularly physical activity 

behavior and sleep schedule. It may be impossible to determine the target of a 

behavior from wearable sensors data, but the data can nevertheless reveal a 

consistent, and continuous enough pattern of activities with a start and an end points, 

which can be expected to represent a behavior. Going for a walk and taking naps 

are examples of behaviors that are detectable by wearable sensors.  

Health: Definitions of health have shifted from those that emphasize absence 

of disease to those that focus on functioning, well-being, and interactions with the 

environment. Accordingly, from several literature based models of health listed by 

Buysse (2014) this work emphasizes health as resilience or potential, and the 

individual’s ability to adapt to challenges in the physical and social environment (p. 

9).  

Health-related behavior, according to Hassen & Kibret (2015), “refer to 

habits, practices and activities or personal attributes that either enhance or put at 

risk the overall functioning of the participants including physical, mental, and 

psychosocial well-being or any combination thereof in two directions: health 

behavior and risk behavior” (p. 2). Health behaviors include regular exercise, 
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adequate sleep, stress management, and proper diet, and they are expected to 

enhance health. Risk behaviors, in their turn, include smoking, alcohol use, 

inconsistent sleep schedule, and prolonged stress, which are expected to endanger 

health.  

Sleep: Sleep is not only a neural state of the brain, but also the most important 

time for physical and mental recovery that is necessary to maintain homeostasis, 

hormonal function, strengthen immunology, and enhance memory and learning. 

The definition of sleep given by Carskadon & Dement (2011) includes both 

behavioral and physiological elements:  

“Sleep is a reversible behavioral state of perceptual disengagement from and 

unresponsiveness to the environment. Sleep is typically accompanied by 

postural recumbence, behavioral quiescence, and closed eyes.” (p. 16) 

Sleep health: According to Buysse (2014), sleep health should not be defined 

simply as the absence of sleep disorders or sleep diseases. Rather, sleep health 

indicates how well an individual or population is doing in respect of sleep and 

subsequent daily performance. He gives the following definition:  

“Sleep health is a multidimensional pattern of sleep-wakefulness, adapted to 

individual, social, and environmental demands, that promotes physical and 

mental well-being. Good sleep health is characterized by subjective 

satisfaction, appropriate timing, adequate duration, high efficiency, and 

sustained alertness during waking hours.” (Buysse, 2014, p. 12) 

2.2 Daily physical activity, adequate sleep and proper nutrition as 

health behaviors 

Daily physical activity and nightly sleep were studied in this work because they are 

behaviors that can be quantified with wearable sensors, and because they have huge 

health impacts. Health-related behaviors strongly associate with premature death, 

and effectively contribute to improved quality of life. According to Lee et al. (2012), 

physical inactivity alone is responsible for 9% of premature mortality. Yet, the 

findings supporting longevity, especially concerning reduced mortality as a 

consequence of a lifestyle change that is started in adulthood, are generally 

observational rather than interventional (Kujala, 2018). In contrast, there is strong 

interventional evidence that physical activity improves fitness and physical 

function and confers other health-related effects. Genetic factors and lifestyle at an 
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earlier age also contribute to the observations where certain behaviors associate to 

longevity (Kujala, 2018).  

It is noteworthy that the benefits of adequate physical activity extensively 

overlap with those of healthy nutrition and sleep (World Health Organization 

[WHO], 2003; Briguglio et al., 2020), as shown in Table 2 below. What is more, 

health and risk behaviors also aggregate to the same individuals, groups and stage 

in the life course (Institute of Medicine (US) Committee on Assessing Interactions 

Among Social, Behavioral, and Genetic Factors in Health, Hernandez, & Blazer, 

2006).  

Table 2. Why health behavior matters? Some of the health benefits associated to 

physical activity, proper diet, and adequate sleep. ✔ marks an observed association.  

Health benefit Physical 

Activity1) 

Proper 

Diet2) 

Adequate  

Sleep3) 

Improved weight maintenance, metabolic health, and 

body composition 

✔ ✔ ✔ 

Improved cardiovascular performance, muscle 

strength, bone strength 

✔ ✔ ✔4) 

Improved memory and learning ✔ ✔ ✔ 

Improved mental health ✔ ✔ ✔ 

Improved daytime well-being and performance, ability 

to do daily activities 

✔ ✔ ✔ 

Reduced risk of cardiovascular disease  ✔ ✔ ✔ 

Reduced risk of type 2 diabetes  ✔ ✔ ✔ 

Reduced risk of some cancers ✔ ✔ ✔ 

Reduce of inflammatory markers ✔ ✔ ✔ 

Reduced risk of dental diseases  ✔ ✔ 

Reduced risk of death ✔5) ✔ ✔ 

Sources: VanHelder & Radomski, 1989; American College of Sports Medicine, American Dietetic 

Association, & Dietitians of Canada, 2000; WHO, 2003; Woods, Wilund, Martin, & Kistler, 2011; Ferrie, 

Kumari, Salo, Singh-Manoux, and Kivimäki, 2011; Haus and Smolensky, 2013; Lai et al., 2014; Piercy et 

al., 2018. 
1) Adequate physical activity means for example accumulating 150–300 min moderate or 75–150 min of 

vigorous intensity physical activity weekly, or their equivalent combination (Piercy et al., 2018). 2) Proper 

diet refers to regular mealtimes, including all components of healthy diet, with specific guidelines to 

specific conditions (WHO, 2003). 3) Adequate sleep for adults can mean for example a consistent sleep 

rhythm with 7–8 hours of sleep nightly (Ferrie et al., 2011). 4) Sleep deprivation does not acutely affect 

cardiovascular responses to exercise or muscle strength, yet time to exhaustion is reduced (VanHelder & 

Radomski, 1989). 5) Other physical fitness and health-related effects have a greater evidence than claims 

of a reduced risk of death (Kujala, 2018). 
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Compared to physical activity and nutrition, the long-term effects of poor sleep 

health are less well-known by the general public (Ferrie et al., 2011). Subsequently, 

sleep research societies have combined their forces to increase and improve their 

communication in this respect (Consensus Conference Panel, 2015). Inadequate 

sleep and inconsistent circadian rhythms, such as shift work or social jetlag, not 

only challenge work and transportation safety and daily cognitive performance, but 

also contribute to overweight, hypertension, cardiovascular disease (CVD), 

diabetes, risk of cancer, and other long-term health risks (Institute of Medicine (US) 

Committee on Sleep Medicine and Research, Colten, & Altevogt, 2006; Ferrie et 

al., 2011, Haus & Smolensky, 2013).  

2.2.1 Significance of daily physical activity 

Inactive lifestyle and reduced daily physical activity have been associated with the 

increase in major non-communicable diseases world-wide. Lee et al. (2012) 

conclude that physical inactivity is responsible for 6% of the burden of disease from 

CVD, 7% of type 2 diabetes, 10% of breast cancer, and 10% of colon cancer.  

Improvements in health-related risk profiles and daily performance metrics can 

be attributed to the combination of intensity and volume of physical activities. Lear 

et al. (2017) analyzed a world-wide questionnaire-based database, converted 

physical activity into volume equivalents of minutes spend in moderate and 

vigorous activities, and summarized that compared with low volume of physical 

activity, moderate and high volumes of physical activity were associated with 

graded reduction in mortality and major CVD world-wide. Both recreational and 

non-recreational physical activities were associated with the benefits. The 

attributable risk percent for the population not meeting the criteron for moderate 

volume of physical activity was 4.6% for major CVD, and for not meeting the 

criterion for high volume of physical activity it was 9.5% for major CVD. 

Concerning intensity, the positive effects of moderate or vigorous intensity 

activities are most widely described in the literature. Kikuchi et al. (2018), using 

mortality as the end outcome parameter, concludes that people can receive 

comparable health benefit by moderate or vigorous intensity physical activity if 

they meet the volume guidelines. More recently, studies have also quantified a 

significant but smaller role of light intensity activities as a health enhancing 

behavior (Saint-Maurice, Troiano, Berrigan, Kraus, & Matthews, 2018). Light 

intensity activities may also enhance the positive impact of high intensity activities 

(Hautala et al., 2012). An independent role of excess sedentary time as a risk factor 
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has also been widely acknowledged. In their overview of systematic reviews, de 

Rezende, Rodrigues Lopes, Rey-López, Matsudo, & Luiz (2014) summarize how 

excess sedentary time is strongly related to all-cause mortality, fatal and non-fatal 

CVD, type 2 diabetes and metabolic syndrome, and a moderately related to some 

cancers in adults. Periodically breaking up sitting time improves cardiovascular 

health, glucose homeostasis, and inflammatory biomarkers (Healy, Matthews, 

Dunstan, Winkler, & Owen, 2011; Eijsvogels, Molossi, Lee, Emery, & Thompson, 

2016). The lowest intensity that has been shown to cause health benefits is standing, 

and the benefits become more and more evident with increasing intensity. However, 

some health risks may increase in the case of high training volume and vigorous 

intensity. The risk of sudden cardiac death is increased, especially during episodic 

high intensity activity (Dahabreh & Paulus, 2011). All in all, the health benefits 

appear to plateau and may start to decrease with very high volumes (Eijsvogels et 

al., 2016).  

Based on the above, it is fair to summarize that both habitual physical activity 

and structured exercise have profound health benefits at the population level. 

However, at the individual level, the picture is more heterogeneous: certain risk 

factors, such as blood lipid profile, blood pressure, and certain expected positive 

responses like improved cardiovascular fitness, display high heterogeneity in 

response to regular physical activity (Bouchard & Rankinen, 2001; Hautala et al., 

2006; Pickering & Kiely, 2019). 

2.2.2 Quantification of health-inducing physical activity 

Subjective evaluation of daily physical activity 

Traditionally, evaluations of the relationships between physical activity behavior 

and health have been based on self-report, such as the international physical activity 

questionnaire (IPAQ). Over the previous decades, the limitation of subjectivity has 

partially been overcome by extensive use of actigraphy, which have generally 

confirmed the earlier findings. Objective and subjective measures of physical 

activity give qualitatively similar results in population, for example regarding 

gender and age-related patterns of activity (Troiano, McClain, Brychta, & Chen, 

2014). However, comparison between actigraphy and IPAQ has indicated low 

agreement, such as r=0.19–0.32 (Boon, Hamlin, Steel, & Ross, 2010; Hagstromer, 

Ainsworth, Oja, & Sjostrom, 2010). Self-report also gives higher activity numbers 
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than the accelerometer-based evaluation. It is therefore generally understood that 

objective methods should be preferred in public health program design, clinical 

practice, and epidemiological research (Hagstromer et al., 2010; Troiano et al., 

2014).  

Objective measurement of daily physical activity 

Duration, intensity, frequency, volume, and type of activity have traditionally been 

used as objective measures of health-related daily physical activity (Dishman, 

Washburn, & Schoeller, 2001). EE as a measure of exercise volume allows 

comparisons between subjects in cross-sectional studies, and within an individual 

in a long-term setting. EE per time unit becomes a measure of intensity, and it 

allows differentiation between types of activity, ranging from sleeping, via 

sedentary, low, and moderate intensity activities to vigorous intensities. Naturally, 

physical activity is only one of the determinants of individual EE, two other main 

determinants being basal metabolism and thermic effect of food. However, physical 

activity is the most important one to explain any changes in daily EE (Westerterp, 

2014).  

2.2.3 Daily total energy expenditure 

The benefit of daily total energy expenditure (TEE) as a measure of physical 

activity is that it can be directly related to nutritional guidance and maintenance of 

a healthy body weight and it even has practical applications in weight maintenance 

(U.S. Patent No. 7361141, 2008). Increasing TEE also helps maintaining favorable 

body composition (Westerterp, 2013), and supports the prevention and treatment of 

lifestyle diseases (Pescatello et al., 2004; Myers et al., 2015). The gold standard 

methods to assess TEE are 1) whole room calorimeter, where human heat 

production is measured, 2) indirect room calorimeter where exact measurements of 

the composition of the air entering and existing the chamber are measured and 

transformed into TEE via metabolic equations, or 3) a combination of them (Seale, 

Rumpler, & Moe, 1991). In room calorimeter, the movement of the subjects is 

limited to a small indoor area, and therefore also free-living measurements are 

necessary. The criterion methods for obtaining TEE in free-living conditions are 

presented in section 2.2.4. 

For an unbiased comparison between individuals, TEE needs to be corrected 

for body size. Physical activity level (PAL), calculated by dividing TEE by the basal 
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metabolic rate, is a suitable derivate of TEE, e.g. to classify occupational workload 

and leisure-time physical activity between individuals (Black, Coward, Cole, & 

Prentice, 1996). The PAL values can classify physical activity lifestyles: for 

sedentary and light activity lifestyles, PAL ranges from 1.40 to 1.69, for moderately 

active or active lifestyles, from 1.70 to 1.99, and for vigorously active lifestyles, 

from 2.00 to 2.40 (Westerterp, 2017).  

If one wishes to illustrate the component of TEE attributable to physical 

activities only, resting energy expenditure (REE) and thermic effect of food need to 

be removed from the equation. Thermic effect of food can be estimated to represent 

10% of TEE. In laboratory settings, REE can be measured after 12-h fasting via 

indirect calorimeter respiratory gas exchange measurement; or in some of the very 

few direct calorimetric chambers that exist (Lam & Ravussin, 2016). In practical 

applications, REE can be estimated from body composition (Wang, Heshka, et al., 

2000) or from BM, gender and age (Schofield, 1985). Determining body 

composition requires a method to assess fat mass and body fat-free mass (FFM) 

(Wang, Deurenberg, & Heymsfield, 2000).  

Acute and chronic effects of physical activity to total energy expenditure 

Regular participation in exercise can significantly increase daily TEE unless it 

negatively affects non-exercise EE (Colley, Hills, King, & Byrne, 2010). Aerobic 

and strength training show different kinds of effects on TEE during and between 

training sessions, as summarized in Table 3. Aerobic training typically induces a 

more pronounced increase in EE during and shortly after cessation of exercise. EE 

during strength training stays at a low to moderate level, while strength training 

also increases REE between training sessions via increased FFM (Garber et al., 

2011). The role of exercise in TEE and potential weight loss is predominantly, but 

not solely due to the cumulative effect of the EE during the actual exercise 

(Laforgia, Withers, & Gore, 2006).  
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Table 3. Examples how inactive life, resistance and aerobic training affect daily total 

energy expenditure acutely and chronically (Reprinted [adapted] under CC BY license 

from Publication II © 2019 Authors). 

Activity type, PAL1) Acutely 

during 1h2) 

Between exercise sessions Chronic effects of regular 

participation 

Inactive life, 1.5 MET 0.5 MJ - Fitness declines, fat mass 

increases, global body 

functioning weakens, which 

may further decrease activity 

and TEE (Chaput et al., 2011). 

Resistance training, such 

as moderate to vigorous 

circuit training, 

corresponding to 4.3–8.0 

MET 

1.5–2.7 MJ REE rises for several days, e.g. 

+0.6–1.2 MJ during 3 days 

(Heden, Lox, Rose, Reid, & 

Kirk, 2011). Only in the case of 

short, intense training, the REE 

rise can exceed the acute EE. 

Lean body mass increases 

and elevates REE, and 

preserves functional capacity 

(Garber et al., 2011) 

Aerobic training, e.g. 

running 8–11 km∙h-1, 8.3–

11.0 MET 

2.8–3.7 MJ REE elevates for 3–12 hours, 

totals 6–15% of the acute EE, 

e.g. +0.2–0.6 MJ (Laforgia et 

al., 2006). 

Aerobic fitness increases and 

active lifestyle is promoted. 

May decrease non-exercise 

activity (Colley et al., 2010; 

Meijer, Westerterp, & 

Verstappen, 1999). 

TEE = total energy expenditure, REE = resting energy expenditure. 
1) PAL = physical activity level of example modes of exercise in metabolic equivalents (MET) are from 

Ainsworth et al. (2011), codes 07022, 02035, 02040, 12030, and 12070.  
2) the acute EE for a 60-min exercise session for a subject with basal metabolic rate 8.0 MJ∙day-1, a value 

typical for a 30-year old male person who weighs about 80 kg. 

The 24-h view 

As presented above, several components of daily physical activity can be assessed 

by subjective and objective methods. Clear evidence has been accumulated on 

positive health effects for both adequate sleep and physical activity, starting from 

standing intensity with benefits growing at moderate-to-vigorous intensities. In 

contrast, sedentary behavior associates with negative health effects. The 

contributions of different activity behaviors are often quantified separately, but in 

real life, a person cannot change one component without affecting any of the other 

components. This 24-h paradigm has been brought up only very recently 

(Rosenberger et al., 2019). One element in the 24-h viewpoint is the optimal timing 

of behaviors: for example, late intense exercise seems to negatively affect nocturnal 
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cardiovascular recovery parameters, while sleep quality can be affected in some but 

not in all individuals (Myllymäki et al., 2011). The 24-h viewpoint is an area which 

can benefit from the ability of the wearables to assess all the components and their 

timing. However, there are some concerns regarding uniformity, precision and 

accuracy of the outputs (Butte, Ekelund, & Westerterp, 2012). 

2.2.4 Gold standard methods for the assessment of free-living 

human energy expenditure 

Indirect calorimeter 

Indirect calorimeter measures respiratory gas exchange. Due to its high accuracy 

and reproducibility, it is the gold standard method for the estimation of acute energy 

metabolism (Haugen, Chan, & Li, 2007). Portable devices are also available that 

also enable free-living conditions. When macronutrients (carbohydrates, fat and 

proteins) are oxidized for energy, O2 is consumed and CO2 and water are produced, 

an energy is released. The relation between CO2 produced and O2 consumed 

(respiratory quotient) is different for each macronutrient. Under a few assumptions, 

the respiratory quotient at 0.7 refers to pure fat metabolism, and 1.0 to pure 

carbohydrate metabolism. The role of proteins and anaerobic metabolism are 

considered small in these evaluations (Lusk, 1924).The amount of metabolized 

energy that is released from each macronutrient can be estimated reasonably 

accurately if confounding factors are eliminated, e.g. by standardizing content and 

timing of meals and controlling energy balance and physical activity level 

(Sánchez-Peña et al., 2017).  

EE is calculated from O2 consumption and CO2 production which are measured 

from ventilation volume of the respiratory gas concentrations in inhaled and 

exhaled air. There are several equations available that use different assumptions for 

the protein metabolism but they usually produce values that are close to each other, 

for example the equation  

 EE (kcal∙min-1) = 3.8149 ∗ O2 (l) + 1.2321 ∗ CO2 (l) (1) 

determined by Lusk (1924) or equation  

 EE (kcal∙min-1) = 3.9 ∗ O2 (l) + 1.1 ∗ CO2 (l) (2) 

determined by Weir (1949). 
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Indirect calorimetry is the most suitable reference method for assessing the validity 

of accelerometers in habitual physical activities and various sports in the short-term 

settings (Ainsworth et al., 2011). In free-living conditions, there are no other 

methods available that could provide reliable calibration data across different 

intensities and types of activity. However, it is not applicable for long-term 

measurement. 

Doubly labelled water 

The gold standard method to assess free-living EE in a long-term measurement is 

the doubly labeled water (DLW) method (Westerterp, 2017). In practice, the 

optimal time span of a DLW measurement is from 1 to 3 weeks, which provides 

best available precision for the results and is long enough to cover the normal 

pattern of physical activity behavior of an individual (Plasqui, Bonomi, & 

Westerterp, 2013; Westerterp, 2013).  

DLW is a special form of indirect calorimetry because it is a measurement of 

CO2 production, which in turn can be transformed to the speed of metabolism. Like 

in other forms of indirect calorimetry, standardization in respect of nutritional 

content is necessary. Stable, heavy isotopes of hydrogen (deuterium 2H) and oxygen 

(18O) are given to the study subject in water drink, typically in the evening, and the 

isotopes are allowed to dilute in the body overnight. The difference in the turnover 

rate between 18O and 2H is measured from samples of body water – blood, saliva, 

or urine. The rate of CO2 production (rCO2) is directly proportional to the 

difference of the turnover rates, since 18O is lost as water (urine, sweat, breath) and 

as carbon dioxide, while 2H is only lost as water. According to Westerterp (2017, p. 

1279), the generally adopted formula for the calculation of rCO2 from the turnover 

rates of the hydrogen and oxygen was determined by Schoeller et al. (1986), which 

is shown by equation 

 rCO2 = (N/2.078) (1.01K18 − 1.04K2) − 0.0246rGF, (3) 

where N is the body water volume in mol, 2.078 is a constant reflecting that 1 mol 

CO2 removes two atoms of oxygen, K18 and K2 are the elimination rates of heavy 

oxygen and heavy hydrogen, and rGF ~ 1.05 N∙(K18 − K2) is the rate of water loss via 

fractionating gaseous routes. The methodology has been validated with a 

simultaneous measurement of rCO2 in a respiration chamber, and the mean 

accuracy has been within 2% with a coefficient of variation between 2 and 12% 

(Westerterp, 2017). 
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One of the widely used protocols in the DLW assessment is the Maastricht 

Protocol (Westerterp, Wouters, & Lichtenbelt, 1995): In the evening prior to the 

start of the measurement period, a baseline urine sample is collected, and thereafter 

the subjects consume a weighed mixture of 2H2O (99.9 atom%) and H2
18O (10 

atom%), resulting in an initial excess total body water enrichment of 150 ppm for 
2H and 300 ppm for 18O. The subjects eat no foods nor drink any fluids for 10 h 

after dose administration during overnight equilibration of the isotopes with body 

water. Subsequent urine samples are taken from the second and third voiding on 

the morning of day 1, and from the first and second voiding on the morning of last 

day of the measurement period (typically, day 8 or 15). Isotope quantities in the 

urine are assessed with an isotope ratio mass spectrometer. CO2 production is 

converted to a daily metabolic rate using an energy equivalent that takes estimated 

or reported macronutrient composition of the diet into account. 

There are some limitations with the DLW method, as it does not separate the 

contributions of type or intensity of activities to TEE. High cost level, 

methodological expertise that is required, and the slow speed of analysis limit the 

application and sample sizes of the DLW method. However, the method is usable 

in nutritional research, as a physical activity assessment, and as a validation tool 

for more convenient but less accurate tools for the assessment of EE (Westerterp, 

2017).  

2.2.5 Wearable sensors for the assessment of energy expenditure 

Wearable devices for the assessment of human EE typically include sensors for 

monitoring body movement and HR, sometimes also for skin temperature, heat flux 

or galvanic skin response (Butte et al., 2012; Ainsworth, Cahalin, Buman, & Ross, 

2015;). Wearables provide a feasible tool for long-term tracking or the timing and 

amount of activities at all intensity zones (U.S. Patent No. 7728723, 2010; U.S. 

Patent No. 8169326, 2012). Various mobile applications and wearables have 

potential to form a real-time behavioral feedback tool to users, which can help 

increase knowledge of healthy activity levels among people. A combination of 

wearing comfort and accuracy is necessary for reaching this target (Evenson, Goto, 

& Furberg, 2015). With current wearable technology, several aspects of daily 

behavior can be assessed, including TEE, duration, frequency and intensity of 

physical activity, sleep and awake time, sedentary behavior, and certain specific 

outcomes like steps (Butte et al., 2012). Some of the features have also been 

designed for performance monitoring, e.g. for athletic training. While there can be 
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a lot of practical significance in these features if they can motivate users towards 

improved health and performance, the focus of this literature review is on EE 

related features that can be validated with gold standard measurements.  

Accelerometers 

Accelerometers have been used widely as research tools for several decades 

(Troiano et al., 2014), but only during past two decades, they have become popular 

as consumer activity trackers (Evenson et al., 2015). Accelerometers are typically 

uniaxial or triaxial. By using several axes, more information on type of movement 

can be collected, and triaxial measurement generally provides a better relationship 

to TEE (Bouten, Westerterp, Verduin, & Janssen, 1994). Nevertheless, all 

characteristics of daily TEE cannot be directly measured by wearable sensors: it is 

particularly challenging to assess changes in TEE induced in static work and if the 

sensor is positioned in an inactive limb (Butte et al., 2012).  

With few exceptions, the first accelerometer applications (CSA/MTI/Actigraph 

and Tracmor) were worn close to the center of the body (hip, waist, or lower back), 

and they were designed to integrate the total amount of acceleration in one or three 

dimensions (Plasqui & Westerterp, 2007). Usually, total amount of acceleration in 

a band-pass filtered signal measured by these devices was transformed to device 

dependent units, activity counts. Some more recent studies also use metrics like 

Euclidean norm minus one and mean amplitude deviation (Vähä-Ypyä et al., 2015; 

Bakrania et al., 2016). Computationally inexpensive processing of raw acceleration 

signal has been considered desirable. Until the most recent years, only the devices 

worn close to the center of the body have been validated in the long-term 

assessment (Plasqui et al., 2013) . 

Wrist based evaluation  

Wrist-worn MS was used the first time in research already in the 1950s (Montoye 

et al., 1983), but as it was referred to above, big majority of the validation studies 

have been performed using sensors located close to the center of the body (Plasqui 

& Westerterp, 2007). However, hand-held accelerometers that are placed in a watch, 

wrist-band or ring, currently represent the most popular and ubiquitous sensing for 

the measurement of physical activity. Higher wearing comfort of the wrist-worn 

devices is generally reflected in higher wearing times compared to the waist-worn 

ones (Roth & Mindell, 2013; Hassani et al., 2014; Fairclough et al., 2016). In one 
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of the very few published DLW validation of a wrist-worn accelerometry, van Hees 

et al. (2011) used a linear model of integrated acceleration and analyzed the ability 

of wrist acceleration in differentiating people’s physical activity levels. Their 

acceleration data only explained 24% of variation in activity-induced EE in 73 non-

pregnant women, and there was no significant association among pregnant women. 

In this study, the signal analysis was relatively similar to those traditionally used 

with the waist-worn accelerometers. 

In short-term validation studies which have utilized indirect calorimeter as a 

reference, a wrist-worn motion sensor has generally performed poorer than other 

wearing positions. In short and middle-term recordings, activity monitoring from 

the wrist has been found to be reasonably accurate in measuring EE while walking 

and hiking (Bouten, Sauren, Verduin, & Janssen, 1997; Brugniaux et al., 2010). In 

hiking solutions, a barometric measurement of altitude has been used as a 

complementing feature (U.S. Patent No. 7901326, 2011). In daily tasks and sports 

activities, a minimal prediction improvement has been reported when a wrist 

accelerometer has been added to the model based on accelerometer positioned near 

the center of the body (Swartz et al., 2000). 

Hand movement frequency and intensity of physical activity 

In normal walking and running, the frequency of hand movements (f_hand) is 

linked with stride frequency (Wagenaar & van Emmerik, 2000), and stride 

frequency is associated with walking and running speeds. Wixted et al. (2007) also 

present an EE estimating method in walking and running that is based on stride 

frequency and anthropometrics. Anthropometrics such as leg length, BH and BM 

contribute to the self-selected step length and stride frequency at a given speed. 

Also other groups have linked walking cadence to health-enhancing physical 

activity measurement, and it has been shown to be a valid method for determining 

the lower limit for moderate-intensity activity (Tudor-Locke & Rowe, 2012). 

Cheng, Savkin, Celler, Su, and Wang (2009) also describes an algorithm for 

estimation of exercise rate, i.e. stride frequency in walking or running, pedaling 

cadence in cycling or stroke rate in rowing. All the above stride frequency-based 

approaches use waist-mounted accelerometers, and apparently none of them has 

been validated in the long-term field setting prior to this work.  

Some activity monitors (e.g., Polar Active, Polar Loop, Polar Electro, Finland) 

also utilize f_hand and its regularity and estimate the intensity of activity from these 

parameters with adjustments for body parameters. They also provide daily guidance 
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to promote active lifestyle (U.S. Patent No. 10335636, 2019). Promising 

preliminary results regarding the accuracy in a short-term measurements have been 

reported in a conference paper (Kinnunen, Niva, Nauha, & Miettinen, 2009). 

Another, more recent study finds good agreement between the wrist-worn device 

and two hip-worn actigraphy devices. The devices were worn simultaneously and 

the adherence to the daily recommendation for moderate and vigorous intensity 

physical activity of 60 min was assessed among adult female and male subjects. 

However, the wrist-worn monitor shows higher activity numbers than the hip-worn 

monitors that were used in the comparison (Leinonen et al., 2017). 

From features to automatic detection of activities or behaviors  

Modern signal processing technology allows more and more complex analysis 

methods that can potentially improve the accuracy of the traditional accelerometer 

applications. For example, automatic activity classification is a popular application 

area in machine learning, and it could be useful if activity type specific algorithms 

were available (Siirtola, 2015). In activity classification tasks, wrist has been a good 

position for an accelerometer, even better than hip or thigh (Montoye, Pivarnik, 

Mudd, Biswas, & Pfeiffer, 2016). However, continuous use in wearable devices 

sets special requirements for power management and memory use so that charging 

frequency and computing delays can be minimized. Therefore, the automatic 

activity recognition-based solutions seem to be limited to off-line calculations, such 

as smart phone apps. Some of the most ubiquitous, real-time solutions still need 

computationally most efficient and subjects-independent algorithms (Siirtola, 

Laurinen, Röning, & Kinnunen, 2011).  

Heart rate monitoring 

HR monitoring is another widely used method for the objective assessment of EE 

induced by physical activity (Butte et al., 2012). HR is a known indicator of 

intensity of exercise, and the measurement of HR has been available for wide 

audience since the invention of heart rate monitors (HRM) in the 1970’s. In 

individual use, HR responses monotonously to increasing intensity, yet in a slightly 

curvilinear fashion. This applies to the whole range from RHR (complete rest) to 

maximal HR (HRmax) which indicates maximal effort (U.S Patent No. 6537227, 

2003). The main benefit of HR is that it is related to intensity of physical activity 

in the same way in almost all types of activities, with some differences in HRmax 
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and power outputs at a given HR between lower body and upper body exercises 

(Miles, Cox, & Bomze, 1989).  

Regarding long-term assessment of EE, chest worn HRMs are not designed for 

continuous use over days or weeks. The feasibility has been improved in the latest 

wearable products that utilize PPG based pulse measurement in wrist-worn devices. 

However, their accuracy seems to vary according to the type of activity. In general, 

the accuracy of PPG based solution is clearly inferior to the traditional ECG based 

measurement in the estimation of HR during exercise (Horton, Stergiou, Fung, & 

Katz, 2017).  

HR monitoring has one major limitation for wider use in research, which is the 

need of individual calibration (Spurr et al., 1988; Crouter, Albright, & Bassett, 

2004). The need for the calibration arises from differences in individual RHR and 

HRmax , stroke volume, cardiovascular fitness and autonomic nervous system (ANS) 

activity (U.S. Patent No. 6537227, 2003). At low intensity activities, HR also reacts 

to changes in posture and mental arousals (Butte et al., 2012). One of the oldest 

solution to the latter limitation is presented by Spurr et al. (1988). They introduced 

the FLEX-HR model that assumes REE below a certain low HR level, and 

determined an individual slope and intercept based on individual indirect 

calorimeter results. As REE they used mean of rest, sitting and standing EE 

equating to about 1.4 times basal metabolic rate. Another mechanism that increases 

HR without a strong link to increased metabolism is the phenomenon called HR 

drift which is seen as elevated HR during exercise following a rise in body 

temperature and body dehydration (Wingo, Ganio, & Cureton, 2012).  

Multi-sensor assessment of long-term physical activity 

HR and other physiological measurements have also been used to complement 

accelerometers in the evaluation of the intensity of physical activity. Since 

accelerometers do not measure static work, it seems apparent that a multi-sensor 

approach should add value to the evaluation (Butte et al., 2012). According to 

Plasqui et al. (2013), however, other physiological data do not necessarily improve 

the performance level of the accelerometer based methods. The previous paragraph 

already referred to the apparent reasons, how normal physiological data ranges vary 

between individuals. Furthermore, the physiological signals are not always 

measured very reliably with any comfortable solution. However, the combination 

of chest mounted accelerometers and HR improved the short-term estimations of 

EE in some activities where motion of the sensor location is limited compared to 
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EE (Spierer, Hagins, Rundle, & Pappas, 2011). Moreover, chest-worn 

accelerometry that is combined with HR monitoring has increased the accuracy of 

accelerometry in the long-term DLW-assessments as well (Villars et al., 2012; 

Brage et al., 2015;) .  

Brage et al. (2007) developed individual calibration methods for both 

acceleration and HR based equations that do not necessarily require an indirect 

calorimeter but can be performed on a treadmill only. In an earlier work, Brage et 

al. (2004) used different weighing of accelerometer and HR based equations 

depending on observed intensity so that HR based models were prevalent in the 

case of high HR and high acceleration. A limitation in these works is that the models 

were developed and tested in the same sample of subjects and with the same 

protocol. In free-living conditions, their later work report moderate to high 

correlations (r=0.76–0.83) between DLW and the estimate modeled using 

accelerometer and HR sensors, both of which were positioned in the trunk (Brage 

et al., 2015).  

2.3 Resting HR and HRV as indicators of recovery and health 

In addition to quantifying daily physical activity as a health-related behavior, the 

objectives of this work include estimation of nocturnal physiological recovery 

parameters. Ideally, daily behaviors and subsequent nightly body response can form 

a feedback loop that can inform an individual about optimal physical activity levels 

or about potential overloading. Over the past decade, some new trends have 

emphasized measurement of RHR and HRV in order to evaluate a person’s 

readiness to train at high intensity (Kiviniemi, Hautala, Kinnunen, & Tulppo, 2007). 

Also cardiovascular responses to sleep are gaining more interest (de Zambotti, 

Rosas, Colrain, & Baker, 2017; de Zambotti, Cellini, Goldstone, Colrain, & Baker, 

2019). 

HRV arises from periodic and aperiodic changes in the duration of the heartbeat 

cycles as the rhythm of the healthy heart varies around its mean value. HRV 

provides a powerful tool for observing the interplay of the parasympathetic and 

sympathetic nervous systems (Rajendra, Paul, Kannathal, Lim, & Suri, 2006). Low 

RHR and high HRV are related to parasympathetic nervous system activity, and 

they are known markers of health and well-being. HR is a very well-regulated body 

parameter because it is one of the key determinants of blood pressure together with 

stroke volume and peripheral resistance (Daniels, Kimball, Khoury, Witt, & 

Morrison, 1996). Since HRV responds to many stimuli, before attributing an 
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observed response to a specific factor, it is important to standardize the 

measurement with regards to time of day, prior activities, and external stressors, 

including ambient temperature, noise, and presence of other people (Sammito & 

Böckelmann, 2016).  

2.3.1 Significance of HR and HRV 

Practical implications of HR and HRV 

Both behavioral and environmental factors affect RHR acutely, but also chronically. 

Acute effects are caused for example by intense exercise, alcohol intake, medicine, 

low or high ambient temperature, noise, and sickness. Long-term influencers 

include aging, regular aerobic training, smoking, diseases, and cardiorespiratory 

fitness: HRV decreases with aging and typically increases with added aerobic 

training (Sammito & Böckelmann, 2016). Sometimes, the acute and chronic effects 

are different, which is the case with exercise: an intense or long exercise session 

can elevate RHR for hours, but participation in regular training will lower the 

baseline RHR.  

In addition to the factors mentioned in the previous section, woman’s RHR and 

HRV manifest a response to menstrual cycle phase (Vallejo, Márquez, Borja-Aburto, 

Cárdenas, & Hermosillo, 2005). Seasonal variation in CVD and its risk factors is a 

known phenomenon, risks peaking in winter and lowering during the summer 

(Stewart, Keates, Redfern, & McMurray, 2017). Among other factors, 

environmental temperature, light exposure, infections, diet and lack of physical 

activity as risk factors can associate to seasonal variation in cardiovascular markers, 

and also to admissions to hospitals. An extreme latitude seems to enhance the 

seasonality (Pell & Cobbe, 1999). 

Typically, when a person experiences a physical or mental load, 

parasympathetic activity decreases and sympathetic activity increases. In such 

situations, HR increases and HRV decreases. Therefore, HRV is also a biofeedback 

tool for improved relaxation, and it has been used as an indicator of an athlete’s 

recovery status and readiness to train (Kiviniemi et al., 2007; Kiviniemi et al., 2010). 

Relaxation and recovery are seen as an increased high-frequency component of 

HRV that are associated with parasympathetic ANS activity (Terathongkum & 

Pickler, 2004). Different HRV parameters are reviewed shortly in section 2.3.2 

below. 
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Clinical significance of HR and HRV 

Low RHR links to longevity and overall physical health and a lower risk for adverse 

cardiovascular events (Johansen et al., 2013; Palatini et al., 2013). Similarly, resting 

HRV can be an indicator of current disease, or a warning sign of an impending 

cardiac disease (Rajendra et al., 2006). Greater nocturnal HRV also associate with 

better sleep quality in healthy and clinical populations (Stein & Pu, 2012), and with 

deep sleep in particular (Penzel et al., 2016). Measurement of HRV during sleep 

might therefore have applications for sleep related issues, but to collect long-term 

data there, needs comfortable measurement devices that do not disturb rest.  

According to the literature, several heart beat dynamics change with sleep 

stages (Xiao, Yan, Song, Yang, & Yang, 2013; de Zambotti, Willoughby, et al., 

2016), and the best HRV parameters in this respect can be different from those that 

are most widely used in other applications of HRV (Xiao et al., 2013). Interestingly, 

several of the most promising HRV parameters in sleep assessment associate with 

breathing. For example, changes in the synchronicity of breathing and HR, which 

is high in deep sleep and lower in REM sleep, can be followed up via some HRV 

parameters. 

2.3.2 HRV parameters 

In search for a standardized methodology for the assessment of HRV, a 

corresponding article was prepared by Task Force of the European Society of 

Cardiology and the North American Society of Pacing and Electrophysiology 

(1996). The HRV parameters used in practical and clinical applications are divided 

into time-domain, frequency-domain and non-linear parameters (Tikkanen, 

Kinnunen, Nissila, Heikkila, & Mela, 1999). The most widely used time-domain 

parameter rMSSD is an estimate of beat-to-beat variability, which mostly reflects 

the parasympathetic ANS activity. In the frequency domain, the power density 

integrated within the frequencies around (0.15–0.40 Hz) is called high frequency 

power, and the frequency band immediately below it is called low frequency. 

Because parasympathetic nervous activity has a capacity to slow down heart 

rhythm much faster than sympathetic nervous activity can speed it up, fast changes 

in heart rhythm are considered a sign of parasympathetic stimulus (Karim, Hasan, 

& Ali, 2011). In addition to direct ANS activity, HRV is affected by circadian 

rhythms, humoral factors and thermoregulation, respiratory frequency, endocrine 

function, behavioral state, adenosine, and various pathological conditions and 
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drugs, all of which can complicate the interpretation of heart beat dynamics (Karim 

et al., 2011). In research use, 5 minutes has become a standard duration for short-

term measurements since shorter durations may lead to unstable results. 

2.3.3 Gold standard method for the measurement of HRV  

The traditional, standard method to measure HRV is an electrocardiogram (ECG). 

The timing of heart beats is usually determined from the biggest and sharpest peak 

in the ECG, i.e. the QRS complex (Tikkanen et al., 1999). The QRS includes the 

Q, R and S waves that arise from the depolarization of the ventricles, which 

immediately precedes heart muscle contractions that pump blood to pulmonary and 

aortic arteries. The time between the initiations of consequent heart beats is called 

the R-R interval (Fig. 2). The cyclic contraction of the heart produces a pulsatile 

blood volume pulse which propagates in blood circulation.  

The ECG method, which is the standard method for clinical and diagnostic 

evaluation of cardiac health, does not represent wearing comfort that is needed for 

continuous use. However, solutions that use wearable chest strap (Kinnunen & 

Heikkilä, 1998) or conventional adhesive electrodes can provide accurate 

measurement of HRV in short-term that can sometimes be extended to a time-span 

of a few days and nights. 

Fig. 2. An example measurement of beat-to-beat heart rate information from ECG and 

estimation from PPG signals. Top panel: ECG signal and RR-intervals (RRI), Middle 

panel: PPG signal and inter-beat intervals (IBI); Bottom panel: RRI and IBI tachograms 

(Under CC BY license from Publication III © 2020 Institute of Physics and Engineering 

in Medicine).  
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2.3.4 PPG in assessment of HRV 

PPG signal arises from the absorption of light which is observed in a photosensor 

output when the blood volume pulse propagates towards the peripheral capillaries. 

Two wavelength PPG has been used for several decades to derive oxygen saturation, 

typically with a fingertip sensor (Jensen, Onyskiw, & Prasad, 1998). More recently, 

PPG sensors embedded in wrist-bands have been utilized to measure pulse rate for 

various applications (Wallen, Gomersall, Keating, Wisløff, & Coombes, 2016). 

PPG signal can be obtained with a more comfortable measurement than ECG, 

making it a promising tool for long-term use. However, the accuracy of the 

estimations of HR and HRV varies depending on the application. Best accuracy has 

been observed in overnight measurements where the inter-beat-intervals (IBI) 

determined via wrist PPG have corresponded to ECG derived R-R intervals with 

5–6 ms mean absolute errors, or 12–15 ms standard deviation (SD) (Parak et al., 

2015). Finger PPG may enable better beat-to-beat detection accuracy than wrist 

PPG (Harju et al., 2018) due to proximity of arteries on the palmar side of the finger. 

The main challenge of the PPG method is sensitivity to motions (Schäfer & 

Vagedes, 2013).  

2.4 Sleep health 

This thesis aimed not only at developing and validating new technology, but also 

illustrating its utility in long-term big data collections. The previous section 

explained how resting HR and HRV have health implications as individual long 

term time series. Using a combination of accelerometer and photosensor 

measurements, nightly sleep is another natural targe use case for wearable devices. 

Sleep is a pre-requisite to health and well-being, and several dimensions of it 

associate with health. Buysse (2014), summarized the following five dimensions 

of sleep as most relevant to definitions and measurements of sleep health: 1) Sleep 

duration; 2) Sleep continuity or efficiency: The ease of falling asleep and returning 

to sleep; 3) Timing within the 24-h day; 4) Alertness during the day; 5) 

Satisfaction/Quality using either subjective or objective assessment. While clinical 

sleep assessment is necessary to diagnose and treat sleep disorders, several 

dimensions of sleep can also be evaluated by self-report and wearable devices via 

behavioral and physiological measurements.  
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2.4.1 Clinical and practical significance of sleep 

For most of its history, sleep medicine has defined itself predominantly via sleep 

disorders and, more recently, sleep deficiency (Buysse, 2014). Interestingly, both 

short and long duration of sleep are linked with obesity, diabetes, hypertension and 

CVD (Buxton & Marcelli, 2010; Shankar, Charumathi, & Kalidindi, 2011; Linz, 

Kadhim, Kalman, McEvoy, & Sanders, 2019) and even with greater mortality 

(Cappuccio, D’Elia, Strazzullo, & Miller, 2010; Wang et al., 2019). The official 

recommendation of the National Sleep Foundation is 7–9 hours of sleep for adults 

with 26–64 years of age (Hirshkowitz et al., 2015). The U-shape that links both too 

little and too much sleep with higher incidence of disease and mortality has 

bothered sleep scientists. Sleep scientist debate if long sleep should be considered 

a risk marker or a risk factor (Ferrie et al., 2011; Linz et al., 2019). 

Some of the important dimensions that can affect the perceived or objectively 

evaluated sleep health are difficult to assess via self-report. However, actigraphy 

and recent consumer sleep technology products, such as the wearable multi-sensor 

sleep trackers, can enable versatile analysis of several dimensions of sleep. 

Consistency of sleep timing has been mentioned as one of the key dimensions of 

sleep health, and it is one of the strategies in cognitive-behavioral sleep therapy in 

search for better sleep quality (Smith & Neubauer, 2003), but relatively little is 

known how it affects objectively measured sleep quality at the population level. 

Yet, the negative association of inconsistent sleep patterns and poor sleep efficiency 

to adiposity has been studied at relative big scale with actigraphy (Bailey et al., 

2014). In contrast, self-report based evaluation was able to report high prevalence 

of both insufficient sleep and irregular sleep–wake patterns but did not detect a 

relationship between the consistency of sleep schedule and sleep quality (Lund, 

Reider, Whiting, & Prichard, 2010). 

2.4.2 Clinical sleep assessment 

Using everyday language, people with sleep disorders can be divided into those 

who cannot sleep, those who will not sleep, those with excessive daytime sleepiness, 

and those with an increased amount of movements during sleep (Ramar & Olson, 

2013). In clinical sleep assessment, sleep disorders are usually defined via 

polysomnography (PSG). PSG includes brain wave activity (electroencephalogram 

[EEG]), eye movement activity (electrooculogram [EOG]) and chin muscle tension 

(electromyogram [EMG]) with standardized electrode placements. Additional 
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physiological sensors (breathing, ECG, and motion sensors) are typically added if 

the diagnosis of the suspected sleep disorder requires them. Standardized visual 

rules based on the American Academy of Sleep Medicine (AASM) 

recommendations, sleep stages and potential adverse events during sleep are 

manually scored in 30-s intervals by visual identification of specific phasic (e.g., 

arousals, K-complexes, spindles) and tonic (e.g., percentage of slow wave sleep 

within an epoch) features from the multiple EEG and physiological channels. Each 

30-s interval is assigned to be wake, one out of three non-REM sleep stages (N1, 

N2, N3), or REM sleep (Carskadon & Dement, 2011; de Zambotti et al., 2019). 

Excessive daytime sleepiness, often related to sleep disordered breathing, is the 

most common reason for a clinical sleep study (Chiao & Durr, 2017), followed by 

other sleep disorders, including insomnia (Shrivastava, Jung, Saadat, Sirohi, & 

Crewson, 2014). Disordered breathing is typically scored based on nasal sensors 

that confirm airflow and chest/abdominal sensors which evaluate breathing effort. 

The evaluation of some sleep disorders, such as circadian rhythm disorders, are 

often complemented by home measurement via actigraphy and self-log. Actigraphy 

devices is the only widely validated, objective method for sleep assessment outside 

the sleep laboratory conditions (Water, Holmes, & Hurley, 2011). Actigraphy are 

mainly wrist-worn devices that utilize an accelerometer to measure limb motion. 

The sleep/wake estimation is based on the simple assumption that motion 

corresponds to wakefulness and immobility implies sleep, an assumption that 

usually detects about 90% of time in bed as sleep in healthy sleepers. The method 

typically classifies the timing of 40–50% of PSG defined wakefulness correctly (de 

Zambotti et al., 2019). Instead of accuracy, the strength of the actigraphy is their 

small size, comfort of wear and waterproofness, so that the method can be worn 

continuously and for extended time in the natural environment. Although with 

limitations in accuracy, they have been widely validated and associated algorithms 

appear to be openly shared in the literature (Water et al., 2011).  

2.4.3 Wearable sleep assessment 

Sleep is a particularly passive period in the 24-h behavioral cycle of human life 

characterized by immobility, lowered alertness, lowered muscle tension and 

specific hormonal activity, together with the specific type of brain activities that are 

different from wakefulness (Carskadon & Dement, 2011). As a physiological state, 

sleep consists of different sleep stages in which breathing, HR, limb movement 

patterns have special characteristics that are all different from those of wakefulness. 
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The behavioral differences and physiological responses to sleep phases and the 

concept of central nervous system and ANS coupling form the basis of how 

wearable devices measure sleep (de Zambotti et al., 2017).  

Wearable sleep-trackers can be wristbands, armbands, smartwatches, 

headbands, rings, or sensor clips. They are part of consumer sleep technology, 

which includes smartphones, in-bed sensors, and contactless sensors, as well as 

other devices designed to enhance sleep and/or improve sleep behaviors, such as 

neurostimulators, biofeedback devices, and brainwave entrainment systems (de 

Zambotti et al., 2019). Wearable sleep trackers can become tools for sleep related 

studies by providing long-term sleep health data and their relation to daily cognitive 

performance. For example, a recent case study (Althoff, Horvitz, White, & Zeitzer, 

2017) investigated the relation of sleep to computer typing speed in the 24-h 

window, and showed how sleeping later compared to one’s own norm negatively 

affects daytime cognitive performance, but occasional earlier sleeping window 

does not. 

The consumer sleep technology, with millions of users who wear low-cost 

devices in their natural environment, can also make a big impact on global sleep 

health, but it has raised a lot of critical discussion among researchers and clinicians 

when looked as a potential clinical tool (de Zambotti, Godino, et al., 2016; Watson, 

Lawlor, & Raymann, 2019). In clinical diagnostic use, extensive validation, 

accepted guidelines, and standardized protocols are necessary. Consequently, there 

seems to be a consensus on the need for added validation work for the consumer 

sleep technology products before wider adoption in the clinical space (Khosla et al., 

2018). Also access to raw data and algorithms and avoidance of frequent firmware 

updates are frequently requested (Khosla et al., 2018; de Zambotti et al., 2019). At 

this time, consumer sleep technology cannot be used for the diagnosis or treatment 

of sleep disorders. However, they may enhance the patient-clinician interaction 

when presented in the context of an appropriate clinical evaluation.  

Multisensory approach, with an accelerometer and PPG sensor in minimum, 

has been used successfully to predict sleep quality when compared to the standard 

sleep laboratory polysomnogram (de Zambotti et al., 2017; de Zambotti, Goldstone, 

Claudatos, Colrain, & Baker, 2018; Renevey et al., 2018). Compared to actigraphy 

alone, the benefits of multi-sensor approach in the sleep and wake detection 

accuracy have been small, since multi-sensor wearable solutions seem to also lack 

sensitivity to detect immobile wakefulness. It is important to note that consumer 

wearable devices can provide continuous sleep related guidance to users, and there 

are no methods to validate them in continuous real-life settings. Long-term 
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measurement also sets additional requirements to consumer grade devices: wearing 

comfort, fast response time, social sharing features, and ability to react to 

adjustments in lifestyle changes.  

2.5 Ubiquitous computing and mobile health 

Ubiquitous computing is an emerging concept in computer science where the idea 

is that computing can take place everywhere. Wearable sensors, such as the those 

embedded into handheld devices, can also be ubiquitous sensors and computing 

devices that help people collect information and understand their interaction with 

the environment. In an ideal ubiquitous world, distributed computers would work 

together and offer their servings whenever we need them (Ferreira, 2013). Together 

with wearable sensors, social media, and location tracking devices, mobile phones 

provide a huge network of sensors and embedded computing power that can also 

be harnessed for observing human behavior and environment.  

Mobile phones and wearable devices provide an exciting opportunity of 

observing relations between human behavior and health. The application of these 

devices for example in personal health management or prevention of chronic 

diseases, is sometimes called mobile health (Sim, 2019). The present time is special 

since new mobile health concepts arise at the cross-section of remote sensing using 

mobile devices, wearables and machine learning. Some of the challenges in mobile 

health include finding a regulatory and ethical basis for this work, combining digital 

biomarkers with medical records, and lacking validation of the technology for such 

purposes. However, there is big future potential that can support both individual 

people in health management and inform professional decision making (Sim, 2019).  

Mobile health solutions can include both passive sensors and active sensing of 

subjectively perceived states of health. Raw sensor data, such as accelerometry or 

heart beat interval time series are rather useless information unless they are 

interpreted as physiological and behavioral measures that explain influence or 

predict health-related outcomes (Coravos, Khozin, & Mandl, 2019). The focus of 

the present work is at finding health-related interpretations from the long-term data 

obtained by passive wearable sensors. Ease of use, reasonable accuracy, and 

physiologically interpretable models are all pre-requisites for obtaining a wide user 

base and high wearing adherence that can ensure long time series. To ensure 

achieving these targets faster, complicated computational methods and mobile 

device-based active sensing were excluded from the present work, while it is clear 

that they represent the next development step. 



47 

2.6 Wearable data for mobile health applications 

2.6.1 Trajectories for personal health? 

Rather than diagnose medical conditions or sleep disorders, the wearable 

technology products target at helping people to improve their general wellness and 

sleep health. Sleep is one of the main contributors to daytime cognitive 

performance and general well-being. People are getting more conscious about the 

importance of sleep and its effects on their overall well-being, for which we can, at 

least partly, thank the current development of comfortable sleep trackers. Moreover, 

the data provided by wearable devices and mobile applications may increase 

understanding of healthy activity levels, sleep rhythms, and how human body reacts 

to daily stress factors. Long-term night-to-night trends of parameters of 

cardiovascular recovery, such as the RHR and HRV, have not been available before 

the last few years (de Zambotti et al., 2019). Without doubt, such data can provide 

interesting insights into the health status of people across the lifespan. Wearing 

comfort and ease-of-use are generally considered as strengths of the wearable 

devices, but the main remaining challenge for a wide-spread acceptance are 

reliability and accuracy of these devices (Evenson et al., 2015).  

Many recovery parameters have a wide physiological normal range, for 

example RHR has a range of 50–90 bpm (Spodick, 1996), but an individual normal 

range can be much narrower and special groups may have different norms outside 

the general range. It is therefore meaningful to follow up the quality of the recovery 

also based on individualized normative ranges. For example, the individual normal 

range for nightly RHR or HRV can be established in about two weeks, and provided 

a baseline for further behavioral feedback, experiments or interventions (WO 

Patent Publication No. 2016135382, 2016). Several lifestyle factors can modulate 

nocturnal RHR and other recovery metrics, such as alcohol intake and intense 

evening exercise (Myllymäki et al., 2011). Several longer term health conditions, 

such as pregnancy and sleep disorders can increase RHR, as does acute fever, of 

course (Valentini & Parati, 2009; Sammito & Böckelmann, 2016). Even though 

intense exercise acutely increases, regular exercise lowers RHR. 

2.6.2 Potential of wearable devices at population scale research  

In addition to being a personal daily feedback tool, consumer grade sleep trackers 

also have the capacity to introduce new tools for large scale sleep studies by 
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providing detailed, long-term sleep data (de Zambotti et al., 2019). Wide-spread 

wearable device use results in unprecedented availability of health-related 

physiological data, such as daily RHR (Quer, Gouda, Galarnyk, Topol, & Steinhubl, 

2020).  

Individual wearable device users nowadays also contribute to big data analyses, 

which has opened important new opportunities: 1) big databases to study health 

behavior, 2) improved performance for consumers in future product updates, and 3) 

a potential real-time window for public health status. This development has been 

greatly illustrated in big data efforts like UK biobank (Collins, 2012). In that effort, 

clinical data has been opened to researchers, with additional subjective and 

objectively measured data like 7-day wrist-worn accelerometer signals. Based on 

the combination of wearable sensors data and clinical data, many new findings can 

be expected (Lyall et al., 2018). In this kind of applications, the multi-sensor 

wearable devices open an entirely new arena that extends over traditional limits 

between disciplines of science. As mentioned in section 2.4.3, a recent study also 

utilized wearable sleep data in a big data analysis of the links between the timing 

of sleep and daytime cognitive performance (Althoff et al., 2017). This study is a 

good example on how wearable big data can be utilized from different viewpoints. 

For studies that link daily performance and sleep timing, automatic and convenient 

measures for go-to-bed times and sleep timing are needed. Some wearable devices 

provide sleep data that have been validated by polysomnography (de Zambotti et 

al., 2017, 2018, 2019).  

2.7 Other aspects of health-related behavior 

In addition to, and independent of physical activity and sleep health that are in the 

focus of this work, various other aspects of lifestyle and behavior greatly contribute 

to health. Section 2.2 already discussed the overlapping role of nutrition. For 

example, social life, hobbies, daytime relaxation routines, personal hygiene are 

known as health enhancing behaviors. On the other hand, alcohol consumption and 

work stress are well-known risk behaviors (Hassen & Kibret, 2015). While RHR 

and HRV have been observed to response negatively to several lifestyle and 

behavioral factors (Valentini & Parati, 2009), this study only analyses how alcohol 

consumption affects nocturnal HRV during the following night.  
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2.8 Novelty of the present work 

The present work has developed and executed a new study methodology for 

effective data collection and analysis using wearable sensors. A very limited 

amount of literature exists on the validation of wrist-worn accelerometry in the 

estimation of human long-term EE. The need of field studies is clear since wrist-

worn actigraphy has gained huge popularity, and its feasibility exceeds other 

wearing sites. At the time of Publication I, only one reference was found that 

validated wrist-worn accelerometry against DLW: the solution was limited to off-

line analysis, and the study showed relatively poor association with the criterion 

method solution (van Hees et al., 2011), potentially because the methodology was 

not yet optimized for a wrist-worn sensor.  

The novelty of Publication II is in the use of wrist-worn MS for assessing the 

change in EE induced by participation in long-term regular training. The ability of 

the wrist-worn MS to detect such a change has not been studied earlier. The study 

also presents a robust method for combining MS data and training HR data into a 

single estimate of the intensity. Modern machine learning methods could be used 

to improve the robust and simple approaches, but such approaches are not found in 

the literature yet, due to the laborious efforts needed to collect long-term data.  

From a health point of view, individual people have limited means to evaluate 

if or when positive changes have realized in their own physiology after a behavior 

change. The study in Publication III develops and validates methods that can at 

least partially serve this purpose. The study is novel since data collection is 

performed with a comfortable wearable ring that can enable measurement of daily 

variations in ANS balance over extended periods of time. Prior to this work, the 

accuracy of the ring estimations of RHR and HRV has been only reported at a small 

scale (Kinnunen & Koskimäki, 2018). While daytime HRV has been studied 

extensively, long-term measurements have not been possible until very lately (Quer 

et al., 2020). 

The studies in Publications IV and V utilize wearable device data in wide 

populations. Publication IV displays the interplay of sleep timing consistency and 

objectively measured sleep quality at a scale that has not been reported earlier. 

Publication V quantifies the impacts of health-related behaviors and among other 

things presents unprecedentedly high resolution of human physiological response 

to seasons. By providing new objective measurement technology and 

interpretations for both nightly and daily evaluations of behavior and their 

physiological responses, this work is also an addition to the emerging 24-h view of 
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health-related behaviors (Rosenberger, Buman, Haskell, McConnell, & Carstensen, 

2016).  
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3 Subjects and methods 

3.1 Subjects 

Five separate datasets (DS1–5) were collected in this work. The motivation behind 

the first three datasets was to generate and validate robust algorithmic methods 

suitable for wearable devices to assess daily physical activity as a health-related 

behavior (DS1–2), and to assess nocturnal RHR and HRV as a response to the 

behaviors (DS3). The descriptive statistics of the subjects in these three datasets are 

presented in Table 4. Additionally, to display the utility of the developed 

methodology in long-term data collections with health-related implications, two 

big datasets, DS4, n=9,333, 34% female and 66% male, and DS5, n=57,278, 36% 

female and 64% male, were collected to analyze the relationships among social and 

biological factors, RHR and HRV, and sleep quality. Data collection succeeded in 

92%, 87% and 85% of subjects in DS1, DS2, and DS3, respectively. 

Table 4. Descriptive statistics of datasets in Publications I–III.  

Dataset 

Parameters 

DS1 (n=24)  DS2 (n=15)  DS3 (n=60) 

Mean SD Mean SD Median IQ range 

Age (years) 19.5 0.51)  30 6  29.5 21-40.5 

Gender 24M / 0F   15M / 0F   20M / 40F  

Body mass (kg) 77 15  82 12  nd nd 

Body height (m) 1.78 0.08  1.80 0.08  nd nd 

𝑉𝑂  (ml∙kg-1∙min-1) 47  6  36 7  nd nd 

DS = Dataset. SD = standard deviation. nd = not determined. IQ = interquartile. M = male. F = female. 
1) all subjects in DS1 were 19 or 20-years old. 

Dataset 1 

In order to collect data for the development of a feasible method for the estimation 

of the intensity and amount of daily physical activity, twenty-four voluntary male 

conscripts were followed up for seven days during basic military training. The 

subjects were selected from a bigger group of voluntary subjects, as explained in 

detail by Tanskanen et al. (2009). The subjects were informed of the experimental 

protocol and they gave their written consent to participate in the study. They were 

also advised of their right to withdraw from the investigation at any time. The study 
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protocol was evaluated and approved by the Finnish Defense Forces and the Ethics 

Committees of the University of Jyväskylä and the Kainuu region. 

Dataset 2 

In order to evaluate the ability of a hand movement frequency based method to 

detect a change in daily TEE induced by participation in regular exercise, fifteen 

males were followed up in a 24-week training intervention that consisted of 12-

weeks control period and 12 weeks of combined strength and aerobic training. A 

preferential randomization among the combined training group participants (n=21) 

of a larger study (Schumann et al., 2015) was performed. The group was informed 

about the requirements of the sub-study and volunteers provided a written notice 

of interest to participate. The subjects of the larger study were non-obese, healthy, 

and moderately physically active which was described by irregular participation of 

walking, cycling or occasionally team sports 1–3 times weekly. Possible risks of all 

study procedures were shared both verbally and in writing with the subjects before 

they gave their written informed consent. The study conformed to the principles 

outlined in the Declaration of Helsinki. The ethical approval was received from the 

Ethics Committee at the University of Jyväskylä. 

Dataset 3 

I order to reach the second sub-objective of this work – to study the accuracy of 

wearable PPG signal for the estimation of nocturnal physiological recovery 

parameters –  DS3 of this work included 60 voluntary subjects with no self-reported 

clinical history of disease or symptoms. The subjects represented all levels of 

normal physical activity: in addition to 25 young female athletes, a group of 

inactive and moderately active male and female (20 and 15, respectively) 

participants were enrolled. The study was conducted in accordance with the 

principles outlined in the Declaration of Helsinki. Prior to the study, before subjects 

gave their written consent to participate, the subjects were informed on use of the 

ring and the overnight ECG recording. The subjects also received information of 

their right to withdraw from the investigation at any time. The risks imposed to 

participants and researchers were minimal and the measurement was done within 

the normal life of the participants. Researchers were familiarized to the principles 

of research integrity and ethics and followed the responsible conduct of research 

guidelines in Finland. 
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Dataset 4 

With the target to display utility of the wearable sensor technology in the follow-

up of health-related behaviors at scale, data from a population of 9,333 anonymous 

users of the wellness ring (Oura Health, Oulu, Finland), who had measured at least 

ten nights at the time of data download in the spring 2017, were analyzed for the 

associations between the consistency of time spent in bed and total sleep amount, 

and between the consistency and sleep efficiency. DS4 consisted of about 1.8 

million nights. 

A sub-set DS4-g (n=2,170), letter g referring to good sleepers, was extracted by 

selecting users, who had consistent wake-up times, adequate sleep duration, and 

good sleep quality as rated by the optimal go-to-bed time feature of the wearable 

ring (see also section 3.2.1). Their data were analyzed in respect of their optimal 

go-to-bed time and most common go-to-bed time. 

An additional sub-set DS4-i, from an individual user, was formed from one of the 

author’s data (n=1) that was analyzed with high precision to illustrate the magnitude 

of daily variations within an individual, and to show how the entire distribution of 

an individual person’s data relate to the percentiles used in the analysis of the 

datasets DS4 and DS4-g. This data covered 587 nights. 

All data was analyzed in an aggregated, non-personally identifiable form, in 

accordance with the statements of the privacy policy of the ring manufacturer. The 

privacy policy statements are accepted by each ring user at the creation of the user 

account. Researchers followed the principles of research integrity and ethics and 

adhered to the responsible conduct of research guidelines in Finland. 

Dataset 5 

Finally, to test the utility of developed HR measurement methodology at the 

population level, an aggregated group of the users of a wellness ring (Oura Health, 

Oulu, Finland), as a personally non-identifiable quantity, formed the DS5. Their 

nocturnal RHR data, estimated by the ring, were downloaded from a period starting 

from July 2016 (n=1,415) and ending in March 2019 (n=57,278). The gender 

composition was 64% male and 36% female. Age composition was 1% under 20-

years, 15% at 20–30-years, 32% at 30–40-years, 28% at 40–50-years, 16% at 50–

60-years, and 8% above 60 years. A clear majority of the group dwell in the 

Northern Hemisphere; approximately 60 percent were from the US and Canada, 30 

percent from Europe, and the rest from all continents. At the end of the study period, 
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about 1,500 subjects were from Australia and New Zealand which are located at 

the Southern Hemisphere. 

Two small subsets (5-a and 5-e) were formed from people who consented to 

report the timing of their alcohol intake and exercise workouts over a period of 

seven nights so that the specific role of these behaviors on the estimated resting HR 

and HRV response could be quantified. Every subject gave their data from a self-

selected week according to their own schedules. Exact amount of alcohol, and exact 

duration and type of exercise were not collected: this decision was made respecting 

subject privacy and in order to include normal-life variation in the resulting data. 

– DS5-a for alcohol response, n=10. The selected week included a night after a 

day when each user had consumed at least three doses of alcohol. 

– DS5-e for exercise response, n=10. The selected week included one or two 

nights following a day with at least 30 minutes of jogging or other high 

intensity exercise. No alcohol intake was reported during that week. 

DS5 was analyzed in an aggregated, non-personally identifiable form in accordance 

with the statements in the privacy policy of the device manufacturer. The statements 

are part of the terms and conditions that each ring user accepts at the creation of the 

user account, and they are available for download at the manufacturer’s website. 

The subjects in DS5-a and DS5-e gave their informed consent to share the requested 

information. The protocol did not include any requested changes to their normal 

life, and their data was analyzed anonymously. Researchers followed the principles 

of research integrity and ethics and adhered to the responsible conduct of research 

guidelines in Finland. 

3.2 Measurement devices  

3.2.1 Wearable devices 

Wristband with a 1-D accelerometer 

A prototype MS embedded in a wrist-watch, was used with DS1, and its 

commercial successor was used in DS2 (Polar Active, Polar Electro, Kempele, 

Finland). As the sensing element, both have a capacitive 1-dimensional 

accelerometer (VTI Technologies, Vantaa, Finland; currently Murata Electronics). 

The signal processing of the prototype is described in detail elsewhere (E.U. Patent 
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No. 1532924, 2008; Kinnunen et al., 2009). In brief, the acceleration signal (50 Hz) 

is band-pass filtered (0.3–3.0 Hz) and the device counts a hand movement if 

acceleration exceeds a preset threshold at about 100 mg. In the prototype, the 

number of registered f_hand was stored in the memory of the device at 1 min 

intervals. Polar Active uses two separate intensity thresholds and the rhythmicity 

of movement patterns in the estimation of the intensity, and stores estimated 

physical activity level (PAL) as metabolic equivalents (MET) at 30 second intervals. 

The estimated MET values can be downloaded via Polar Cloud service for further 

off-line analysis.  

Heart rate monitors using a single lead ECG 

A commercial HRM (Polar810i, Polar Electro, Kempele) was used in DS1 in the 

treadmill test as an intensity measurement to determine maximal effort. The study 

subjects of DS2 wore another HRM model (Polar RS800CX, Polar Electro, 

Kempele, Finland) during performance tests and during any structured and 

voluntary exercise session to complement accelerometer in the assessment of EE. 

Both monitors detect single-lead ECG signal from a chest strap, determine heart 

beat intervals (Kinnunen & Heikkilä, 1998) and calculate HR, and finally, store the 

derived HR information into memory at 5 s intervals for later upload to a personal 

computer. The monitors also estimate EE using individually determined RHR, 

HRmax and peak oxygen consumption (VO2peak), gender, age, and BM, as described 

by U.S. Patent No. 6537227 (2003), and as independently validated by Crouter et 

al. (2004). 

Wellness ring for evaluation of recovery parameters using PPG, 

accelerometer, and skin temperature 

The first-generation wellness ring (Oura ring, Oura Health Ltd, Oulu, Finland) was 

used to evaluate the relationship between sleep consistency and sleep efficiency in 

DS4 and its sub-sets. The second-generation wellness ring (see Fig. 3) from the 

same manufacturer was used to evaluate the accuracy of nocturnal RHR and HRV 

estimated using the ring PPG in DS3 and to evaluate the responses of RHR and 

HRV to various behaviors in DS5 and its sub-sets. The ring is a multisensory device 

that weighs 3–5 grams. It has a 3D accelerometer (50 Hz) that informs physical 

activity and sleep assessments, and infrared LED (900 nm) and photosensor 

arrangement for obtaining PPG signal (250 Hz) (U.S. Patent Publication No. 
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20160213267, 2016). It also has a negative temperature coefficient temperature 

sensor, which is needed, e.g. in time-in-bed estimation.  

Fig. 3. Exploded view of the second-generation wellness ring. Between the titanium 

cover and inside molding, the ring includes a power handling circuit, battery, double 

core processor, memory, two LEDs, a photosensor, temperature sensors, 6-D 

accelerometer, and Bluetooth connectivity to a smartphone App (Reprinted with 

permission from the manufacturer’s press kit © 2019 Oura Health, Oulu Finland). 

The ring PPG measurement is started automatically when movement stops or only 

very little movement is observed, and the ring is not detected to be out-of-wear. 

The ring PPG measurement is automatically stopped after two minutes of activity 

if the intensity exceeds or corresponds to that of slow walking. The ring processes 

5-min average HR and HRV in the following way: firstly, the ring algorithms label 

each IBI as normal or abnormal, and the determination is based on 7-point median 

filters: deviation by more than 16 bpm from the 7-point median marks an abnormal 

inter-beat-interval (IBI), method applied from Kinnunen (1997). Secondly, any IBI 

is included for the calculation of 5-min averages if 5 consecutive IBI values – two 

before and two after – are labeled as normal. Thirdly, each 5-min sample is 

processed if a minimum of 30% of the intervals are accepted by this criterion. 

Finally, the ring calculates the HR and HRV for each 5 min segment and whole 

night averages. IBI data and the derived HR and HRV numbers download via 

Bluetooth to the accompanying smartphone application. 

The time-in bed evaluation of the ring is based on the combination of low 

physical activity and high skin temperature. For the evaluation of body responses 

to lifestyle related changes, the ring quantifies daily physical activity behavior and 

nigh-time sleep duration and sleep stages, and body responses via nocturnal HR 

and HRV and skin temperature evaluations in comparison to personal long-term 

baseline (WO Patent Publication No. 2016135382, 2016). Concerning sleep 
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evaluation, this work analyzed time-in-bed and estimated durations of sleep and 

wakefulness in DS4. In addition, a product feature that combines information on 

sleep amount and sleep quality, the sleep score was used to find a group of good 

sleepers (DS4-g). Sleep score uses information on total sleep duration, sleep 

efficiency, tranquility, REM sleep duration, deep sleep duration, sleep onset latency 

and the timing of sleep midpoint. The final definition of good sleepers depended 

on if an optimal bedtime was determined or not by the product. Using the user’s 

earlier data from a minimum of two weeks, the feature finds the most common 

wake-up time with a 1-h range. It selects only those nights when the subject has 

woken up at his or her normal time, arranges the corresponding nightly sleep scores 

according to the go-to-bed time, and finally selects the time window that has the 

highest average sleep score (WO Patent Publication No. 2019106230, 2019). The 

ring has been validated independently against a gold standard sleep laboratory 

polysomnography (de Zambotti et al., 2017). In that study, the sensitivity for sleep 

was 96%, and one of the parameters that was well defined by the ring algorithms 

was the timing of sleep onset. 

3.2.2 Gold standard reference devices 

Indirect calorimeter for the assessment of the intensity of physical activity 

In short-term evaluation of the intensity of physical activity (DS1), indirect 

calorimetry device (Oxycon Pro, Jaeger, Hoechberg, Germany) which uses a 

breath-by-breath method was utilized as the criterion method. The same device was 

also used when peak oxygen uptake, a measure of cardiovascular performance, was 

determined (DS1 and DS2). The volumetric measurement of airflow was calibrated 

on each testing day using a manual flow calibrator. The gas analyzer was calibrated 

before each test using a certified gas mixture of oxygen and carbon dioxide. 

Doubly labeled water assessment of TEE and body composition 

For the validation of the wearable sensors in the evaluation of the long-term TEE, 

the doubly labeled water (DLW) method was used (DS1 and DS2). The analysis of 

the urine samples was performed at the School of Nutrition and Translational 

Research in Metabolism, Maastricht University, The Netherlands. Their laboratory 

has a isotope ratio mass spectrometer (Optima, VG Isogas, Middlewich, UK) and 
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the expertise required for the DLW assessment. CO2 production and EE over one 

or two-week periods were calculated from heavy oxygen and heavy hydrogen 

isotope ratios as described in section 2.2.4. FFM and fat mass were estimated for 

DS2 based on the DLW assessed amount of total body water by utilizing the 

approximate 0.73 ratio of total body water to FFM (Wang, Deurenberg, & 

Heymsfield, 2000). 

Medical grade ECG devices for RHR and HRV 

For DS3, reference heartbeat intervals (R-R intervals) were collected with medical 

grade single-lead ECG devices (Somnologica, Fs 256 Hz, Somnomedics GmbH, 

Randersacker, Germany; Faros 90, Fs 250 Hz and Faros 180, Fs 1000 Hz, Bittium 

Oy, Oulu, Finland). First, the ECG signal was detrended using smoothness prior 

approach. Second, the approximate timing of R-peaks was determined using Pan-

Tompkins R-peak detector (Pan & Tompkins, 1985). Finally, the exact timing was 

determined from the local maximum of the original ECG in the proximity of the 

approximate location. In the cases where Fs was 250 or 256 Hz, an inverted 

parabola was fitted to three highest ECG samples, and one-millisecond resolution 

was used in the final peak detector.  

3.2.3 Measurements of physical performance 

Peak oxygen uptake (VO2peak) 

VO2peak was determined via an incremental treadmill (DS1) or a cycling test (DS2) 

that was performed until exhaustion. Oxygen consumption was measured using the 

breath-by-breath method with a similar arrangement as described in the previous 

section. Criteria to verify maximal effort were the following: no increase in VO2peak 

and HR despite an increase in workload, a respiratory exchange ratio higher than 

1.1. and a post-exercise blood lactate higher than 8 mmol l-1.  

In the treadmill test, the test protocol was programmed in 3 min stages starting 

by medium intensity. Treadmill speed and inclination were increased every 3 min 

causing an increase in the required intensity up to maximal effort. The speeds and 

inclinations started at 4.6 km∙h−1 speed (1.0º inclination). In the cycling test, the 

first workload of the protocol was performed at 50 W, and the intensity was 

increased by 25 W every 2 minutes. Subjects received guidance to pedal at a 
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constant frequency, and the test was discontinued when a subject failed to maintain 

the required cadence of 70 rpm. VO2peak was determined as the highest 60-second 

average VO2 observed, and HRmax was taken from the HR averaged over the last 60 

seconds of the test. 

Muscle strength 

Muscle strength development was determined by measuring the maximum work 

capacity of leg extensors via one repetition maximum (1RM). The test was 

performed with a dynamic horizontal bilateral leg press device (David 210, David 

Health Solutions, Helsinki, Finland). The heaviest load that the subject could lift 

was determined as the 1RM. After a warm-up, up to 5 trials were performed by each 

subject to find a true 1RM, where 1.25 kg precision was used.  

3.3 Study protocols and data processing  

3.3.1 New methods for the assessment of physical activity 

Hand motion in the evaluation of daily TEE 

The first objective of this work was to to develop a feasible method for the 

estimation of the intensity and amount of daily physical activity using wrist-worn 

wearable sensors. To reach this objective, subjects of the DS1 wore the prototype 

motion sensor (Polar Electro, Kempele, Finland) on their wrist during a period of 

7-days during military basic training. The selected period included several intensive, 

supervised military tasks, such as marching, material handling, and shooting 

exercises, and unsupervised activities of varying intensity in the garrison area and 

in the field. During the 7-day measurement period, the main events included a 2-

day combat shooting exercise, a 4-day of overnight field training, and a 1-day long 

distance skiing exercise. The data collection took place during the winter when the 

ambient temperature varied from –23 to –2 ºC. Reference TEE over the 7-day 

periods was assessed by the DLW method using the Maastricht protocol. BM was 

measured on days 1 and 8, and the average of these two measurements was used as 

individual BM.  

Substitution of missing motion sensor data. Non-attendance in daily military 

service because of illnesses or injuries, as examined by a physician, caused a sick 
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leave. Three subjects had a maximum of a 24-h period when they did not wear the 

motion sensor because of sick leave. During a sick leave, their wrist activity counts 

were set to a very low level in the daytime, corresponding to 1.6 MET, and to 

inactivity at night (10 p.m.–7 a.m.). Any other non-wear time was excluded from 

further analysis and it was assumed that the individual average PAL of the analyzed 

wear time represented the entire 7-d period. In order to be included in analysis, at 

least 4 days in minimum had to be successfully recorded. Two subjects had motion 

sensor data from 3 days only, and they were excluded from analysis of the 7-d 

period. The prototype motion sensor used with DS1 had a 24-h running memory, so the 

motion sensors were collected every evening for data download and redistributed 

within 30 min. If the motion sensor had registered 30 consecutive zeros during the day 

(between 8 a.m. and 9 p.m.) and 300 consecutive zeros during the night (between 9 

p.m. and 8 a.m.), the corresponding time was deemed as non-wear and left out of the 

analysis.  

Transfer function from f_hand to PAL. Using the 7-day accumulated data, a 

piece-wise linear relationship of f_hand and intensity of physical activity (PAL in 

MET units) was determined so that the best match with the TEE values determined 

by DLW (TEEDLW) would be reached. All post-processing of the motion sensor and 

DLW data was performed using Matlab software (The Mathworks Inc., Natick, 

MA). For simplicity and to account for a relatively small number of subjects in 

DS1, the piece-wise linear, 4-point model of the relationship between f_hand and 

PAL was chosen. The extreme values of f_hand were fixed to 0 and 100 movements 

min−1. As the second step, two percent-wise factors were determined to adjust PAL 

based on differences in BH and BM compared with the group mean values. Finally, 

in order to compare the minute-by-minute motion sensor outcomes to the 7-day 

TEEDLW, the corresponding motion sensor based evaluation of total energy 

expenditure (TEEMS) was calculated as follows: PALMS was determined as the 

average of the minute-by-minute values over the 7-d period. TEEMS was calculated 

as PALMS × REE, where REE was determined by equations of Schofield (1985) 

 REEBW (MJ∙day-1) = 0.0632∙BM (kg) + 2.895 (4) 

and 

 REEBW (MJ∙day-1) = 0.0481∙BM (kg) + 3.653. (5) 

Equations (4) and (5) were used for ages 18–30 and >30 years, respectively. 

Minimal 95% limits of agreement (LoA) between TEEMS and TEEDLW and a lack of 

trend in a Bland–Altman plot (B-A) were used as the criteria of the best model. 
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Hand motion and intensity of walking and running without load 

The study protocol for DS1 included a treadmill test (n=24) about one week before 

the DLW assessment period. In addition to determining VO2peak in DS1, the protocol 

allowed us to characterize the relationship between f_hand and PAL during 

treadmill walk and run. All 24 subjects finished the treadmill protocol. 

Median f_hand was selected from each 3 min stage. Only those 3 min stages 

that the subjects were able to finish were included in the analysis. Pulmonary 

ventilation and respiratory gas exchange data were measured, and mean values 

were calculated at 1 min intervals, and oxygen consumption (V O2) and carbon 

dioxide production (V CO2) were read from the final minute of each stage. The 

ventilatory measures were transformed to EE using the equation presented by (Lusk, 

1924), and the intensity of physical activity obtained via indirect calorimeter (PALIC) 

was calculated as PALIC = EEIC∙REE–1, where REE was determined by equation (4). 

Hand motion and intensity of walking and running with load 

The study protocol for DS1 also included a 45 min field march test where subjects 

walked or jogged in small groups at a constant speed on flat terrain in an indoor 

hall on the day right after the DLW period. From a total of 24 subjects, 4 subjects 

did not participate in the field march test because of being sick. With the march test 

data, the effect of carrying 20 kg of extra military equipment on f_hand was studied 

by comparison to the corresponding value at the same speed on the treadmill. The 

speed was selected for each subject to match about 70% of measured VO2peak. Five 

subjects marched at 6 km∙h−1, twelve at 7 km∙h−1, and two subjects at 8 km∙h−1. 

Constant speed was ensured by a separate group leader who monitored the speed 

using a training computer equipped with an individually calibrated foot-pod (Polar 

S625X, Polar Electro Oy, Kempele, Finland). The average f_hand measured during 

the march test was compared with the f_hand value measured during treadmill 

walking and running at the same speed. Since the speeds on the treadmill were 

slightly different from those of marching, the treadmill data were individually 

interpolated between two closest treadmill speeds to calculate f_hand that would 

best correspond to the field marching speed. A paired-samples t-test was used to 

compare the f_hand in the treadmill and marching conditions. 
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3.3.2 Validation of the wearable technology in detecting a change in 

long-term physical activity 

The objectives of this work also included detecting if the developed wrist worn MS 

methodology could follow-up a change in individual life. In order to validate the 

wearable sensor technology for this purpose, DLW data collection was also run for 

DS2 in two different conditions, when relatively inactive, and when participating 

in an exercise program. The subjects first underwent a 12-week control period 

(pretraining) followed by supervised training of 12 weeks (training). The DLW 

measurements were timed to overlap with the final 2-week periods of the 

pretraining and training periods. During the pretraining period, the subjects 

continued their normal daily activities, but they were not supposed to do any 

prescribed exercise other than what had been their habit before. During each week, 

4 supervised sessions of strength and aerobic (2 x each) exercise sessions were 

performed. The exercises of the strength training program were planned for muscle 

growth and maximal strength development and included typical heavy resistance 

loading for the lower and upper extremities and trunk. The aerobic training program 

consisted of both interval and steady-state training modalities on a bike ergometer. 

The intensity was supervised and adjusted using the magnetic resistance of the 

ergometer so that subjects reached the pre-determined HR, which was controlled 

by wearing a HR monitor. At the time of the DLW measurement at the end of the 

period, training included both steady-state cycling close to lactate threshold and 

interval sessions above the lactate threshold, and the duration of cycling exercises 

was 45–50 min. The subjects of DS2 were instructed to wear the motion sensor on 

their non-dominant wrist throughout the 24-week study protocol. The whole DS2 

completed the pre-training period, but 2 subjects did not finish the training period 

due to personal reasons. Furthermore, there was one dropout in muscle strength 

tests due to personal reasons as well. 

Combining motion sensor data with heart rate-based data  

Since the training modes – bike ergometer and strength training – are both sub-

optimal to be detected by accelerometers, it was decided to evaluate how adding 

HR-based estimation of TEE during training sessions could improve the prediction. 

In addition to the supervised training, the guidance for subjects in DS2 was to wear 

the HRM during active daily life if they expected the intensity to be higher than 
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during normal walking. The subjects were also instructed to wear the HRM when 

biking. 

When data collection had been finished, it was checked that the HRM had been 

worn during each supervised exercise session, and that good quality had been 

obtained. All subjects attended all prescribed endurance and strength exercise 

sessions. In the case of the combined motion sensor and HR-based method, the 

physical activity level determined by the motion sensors was replaced by the 

corresponding value determined by the manufacturer when HR had been measured 

and the corresponding intensity was higher than 4 MET. The chosen intensity 

corresponds with walking 5 km∙h-1.  

Validation of wrist-worn MS in detecting total energy expenditure with 

DLW 

With DS2, the motion and HR data were collected from the time period from the 

start to the end of the DLW assessments. REE was calculated using two set of 

parameters, the first one using BM and age in the same way as in the methods 

development phase (REEBW, equations (4) and (5), see section 3.3.1), and the 

second one using fat free mass (FFM). The additional estimation was selected 

because body composition changes could be expected as a response to increased 

resistance training. The FFM based estimation was obtained by equation (Wang, 

Heshka, et al., 2000)  

 REEFFM (MJ∙day-1) = 0.0908·FFM (kg) + 1.565. (6) 

Substitution of missing sensor data. In DS2, non-wear was detected as complete lack 

of movements over a consistent period longer than 90 minutes. The daily rhythms 

in DS2 and device wear were not as supervised and not linked to daily schedules 

as was the case in the military in DS1. The selected 90 minute-criterion also occurs 

to be close to what other researchers have used (Matthews et al., 2008). If non-wear 

was detected at night or in the morning, between 23.30 (11.30 pm) and 11.00, the 

PAL was expected to correspond with sleeping metabolism (0.9 MET). Individual 

average physical activity level of daily wear time was used to replace the short 

periods of daily non-wear data. During the 2-week DLW assessments in the 

pretraining and training conditions, motion sensor wear-time averaged 93±13% and 

87±20% respectively. Daytime wear and night-time together accounted for 98±3% 

and 97±4% during pretraining and training, respectively, meaning that only a small 

fraction of the non-wear occurred during the day.  
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Training-induced changes in physical activity at different intensities 

In addition to TEE, various metabolic intensity levels were chosen for indicators of 

a potential change between the types of daily physical activity. The accumulated 

time at each category of the intensity of physical activity was determined based on 

the estimated PAL from accelerometer outputs, or combined accelerometer and HR 

monitoring outputs, with the following cut-offs: inactive (1–2 MET), light (2–4 

MET), moderate (4–7 MET) and vigorous intensities (>7 MET). A one-minute 

moving window with 30 seconds overlapping was used. 

Training-induced physiological responses: VO2peak, muscle strength, and 

body composition 

In DS2, VO2peak was measured two times, at the end of pretraining and training 

periods. To follow-up changes in muscle strength, 1RM of leg extensors was 

determined at the start and at the end of the 12-week training period. To assess the 

effects of training on body composition, whole body tissue composition was 

evaluated via changes in total body water in DLW. 

3.3.3 Validation of PPG based RHR and HRV estimation 

Daily behaviors can impact human health. As one of the most robust methods to 

assess a health-related human response to daily behaviors, new wearable 

methodology was validated for the estimation of nightly RHR and HRV. Subjects 

of DS3 received a wellness ring and an ECG monitoring device with instructions 

of use for an overnight measurement in the afternoon prior to the night of the 

measurement. The ECG devices were collected on the following day for data 

download, and the ring data was automatically downloaded to the ring 

manufacturer’s app and uploaded to their cloud server. Nocturnal HR and HRV 

parameter rMSSD estimated by the ring were analyzed by comparing them to the 

corresponding values measured by the gold standard ECG method according to the 

procedure presented in section 3.2.2. The time period when the ring had estimated 

the subject to be in bed was selected for the side-by-side comparison. Comparison 

of 5-min averages was performed within individuals and combining all data, and 

nocturnal averaged were compared between individuals. With ECG, visual 

verification was used to eliminate ectopic beats from R-R interval time series with 

the help of an ambulatory ECG system (MARS, Software version 8, GE 
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Healthcare). In the case of frequent ectopic beats, a cardiologist was consulted to 

confirm the type of arrhythmia. Furthermore, if there were more than 100 ectopic 

beats hourly, the subjects were excluded from further analysis.  

ECG was successfully recorded from 58 subjects; two dropouts were due to 

subjects’ failure to initiate the measurement. Oura ring data was successfully 

retrieved from 54 out of the remaining 58 subjects. The dropouts were due to ring 

short-term memory limitation as two subjects did not open the associated Oura App 

for data download within two days, too low battery charge status prior to the 

measurement in one ring, and one due to an unknown technical issue. Finally, five 

subjects had frequent ectopic beats in such amounts that reliable reference HRV 

could not be achieved from the ECG. Thus, the final DS3 consisted of 49 whole 

night measurements from as many subjects. In Oura ring data, 2.7±5.1% of 5-min 

segments did not have enough reliable IBI data according to the criteria presented 

in section 3.2.1 and were excluded from analysis. In order to demonstrate some of 

the future use cases for the ring PPG, example ECG and PPG traces in the presence 

of arrhythmia were also plotted. 

3.3.4 Wearable sensors as quantifiers of sleep health 

The goals of this work included displaying the utility of the wearable sensor 

technology in health-related big data collections. Using the DS4, the relationships 

between sleep timing and sleep duration, and between sleep timing and sleep 

efficiency were analyzed using some of the parameters determined by the Oura ring 

and downloaded from the Oura Cloud. Three different analyses were considered 

interesting: 1) The distribution of objectively assessed total sleep amount, 2) how 

consistency of time spent in bed relates to sleep efficiency, and 3) how consistency 

of time in bed related to the amount of sleep. Sleep efficiency is the ratio of total 

sleep duration in a night and time spent in bed. The measure of consistency was the 

difference of the 75th and 25th percentile of time spent in bed, which displays the 

variation of one half of the nights of a ring user.  

Using the DS4-g, the distribution of most common go-to-bed times and the 

most optimal go-to-bed times were plotted with a target to learn what kind of 

characteristics in the sleep schedule associate with the highest quality sleep. In 

practice, the question is about what time good sleepers go to bed vs. when they 

should go to bed to get their best sleep. The Oura ring definition of optimal bedtime 

for a good sleeper is explained above in section 3.2.1. The data from DS4-i is 

plotted to illustrate the extent to which the consistency limits used in this study 
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(25th and 75th percentiles) characterize total variation in the sleep schedule of a 

single person, and also display an example of the relationship between sleep score 

and go-to-bed time, which also clarifies the determination of optimal bedtime. 

3.3.5 Big data analyses of nocturnal physiological responses to daily 

behavior 

As the last sub-study of this work, the utility of the developed HR measurement 

methodology was tested by analyzing the population level data from a wearable 

device. On top of displaying the real-life utility of our methodological 

developments, the target was to characterize factors that can impact RHR. 

Seasonal, society and lifestyle effects on RHR 

Using the big DS5, the average nocturnal RHR was calculated for each calendar 

day for the wellness ring users living in the Northern or Southern Hemisphere. The 

location was determined from the combination of users’ most prevalent time zone 

and known distribution of countries of purchase. About 60% of ring purchases have 

been made in US and Canada, 30% in Europe, and the rest in all continents 

including Australia and New Zealand. While the exact geographic home location 

was not available from the ring users, time zone information could effectively 

differentiate Australia and New Zealand from the rest of the ring users. 

In order to analyze society and lifestyle related effects on RHR at the population 

level, attention was paid to the difference between the weekends and weekdays, as 

well as to distinct dates such as New Year’s Eve, which is a public holiday that is 

widely associated with staying up late and drinking. Another time frame that was 

considered meaningful was the magnitude of seasonal highs and lows that were 

interpreted in the light of biological differences between the dark and light seasons, 

and differences in lifestyle and society factors between December and January on 

one hand and summer holiday season on the other. 

Alcohol and training effects on RHR 

To complement the big data analysis with DS5, individual short-term responses in 

RHR and HRV to two reported daily behaviors was analyzed in DS5-a and DS5-e. 

To characterize the magnitude of the effect of alcohol intake in DS5-a and 

structured exercise in DS5-e, a box plot was used. In the box plot, an observation 
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that falls outside normal distribution is marked as an outlier point. The target was 

to see if the night following these behaviors was different from the rest of the nights.  

3.3.6 Statistical analysis 

In all statistical tests, the level of statistical significance was set at p<0.05. Unless 

otherwise mentioned, all data are presented as mean±SD. Alternatively, for 

example, in the case of clear deviations from normal distribution, median and 

interquartile range were presented. 

Development of wrist-worn motion sensor methodology for the 

assessment of total energy expenditure 

The statistical analyses with the DS1 were run with PASW Statistics, version 18.0.0 

(SPSS Inc). A Shapiro–Wilk test was used to verify normal distribution. To identify the 

predictors of objectively measured 7-day physical activity parameters (PALDLW, 

TEEDLW), stepwise multivariate linear regression analysis was performed with f_hand, 

BH, and BM as independent variables. Due to nonlinearity of the relationship between 

f_hand and PAL, minute-by minute values of f_hand were normalized using the piece-

wise linear model that gave the best model performance and maintained the original 

range from 0 to 100. The normalized frequency of hand movements that was averaged 

across the 7-d period is later referred to as f_hand_n. A paired-samples t-test was used 

to compare the measures of the MS (PALMS, TEEMS) with the reference DLW values 

(PALDLW, TEEDLW). Pearson correlation coefficients were computed to determine the 

strength of the linear relationships.  

Validation of a wrist-worn motion sensor in the assessment of total energy 

expenditure 

A Shapiro–Wilk test indicated that the criteria for normality of distribution were not 

met in all result parameters in DS2. Subsequently, non-parametric signed Wilcox 

rank sum test was used to assess the significance of the changes induced by the 

training program. Since all comparisons considered within-individual changes, a 

paired sign rank test was selected, and the test considered the significance of a uni-

directional change, i.e. increase from the Pretraining to the Training period, the 

one-tail test was picked. The statistical analysis was done in Matlab (MathWorks 

Inc, MA, USA), using the sign rank function. In the same way, a paired sign rank 
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test applying one-tailed test was used to assess the null hypotheses of equivalent 

change in TEE detected by the wearable devices and the reference method DLW. 

As majority of parameters followed normal distribution, the result tables display the 

distribution of parameters as mean±SD, yet a limitation with normality was noted when 

applicable. 

Linear regression analysis using Spearman correlation was performed between 

the TEE derived from the outputs of the wearable devices and the reference method 

DLW to measure the validity of the wearable devices in determining TEE. 

Furthermore, B-A analysis (Wearable–Criterion) was done to check for potential 

mean and proportional biases between the methods; a positive bias would reveal 

that the wearable devices overestimate daily EE outcomes, and a negative bias 

would display an underestimation. 95% LoA were processed from a mean 

difference±1.96·SD.  

Because of the cost level of the DLW assessment, the maximum sample size 

was determined to be 15 subjects. The statistical power calculations were run in 

respect of the ability of the motion sensor and HRM to detect an expected change 

in TEE related to change in regular training. The null hypothesis was that TEE 

during the Training period is similar to the Pretraining condition. The alternative 

hypothesis was that TEE during the Training period has increased. Moderately 

active life for the young male subjects was estimated to correspond with a PAL of 

1.5∙REE, corresponding with TEE of 12 MJ∙day-1 in the 20–40-year old male 

population of DS2. Four weekly training sessions were calculated to induce a +1.1 

MJ∙day-1 change into daily TEE. Inter-individual SD was expected to be 1.5 

MJ∙day-1, a number that is somewhat smaller than in highly active soldiers in DS1. 

Based on the presented number of subjects and assumptions, the statistical power 

to reject the null hypothesis with 5% type I error rate was 88%. Maximum 3 

dropouts would have been allowed for the power to stay above 80%. 

Validation of the ring PPG 

In order to assess the validity of the wellness ring in the estimation of RHR and 

HRV using DS3, Spearman correlation coefficient was calculated between the ring 

estimates and the corresponding values measured by the reference method ECG. 

Non-parametric statistics were preferred since Shapiro-Wilk test revealed that 

individual coefficients of correlation did not follow a normal distribution. Median 

and interquartile range were processed for the main outcome parameters. B-A 

analysis was used for the assessment of mean and proportional bias between the 
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methods, and to process the 95% LoA. For the p-values of Spearman’s rho, 

permutation distributions with large-sample approximations were used. Analyses 

were performed using Matlab software (Mathworks Inc, MA, USA). 

Big data analysis of sleep timing and sleep quality 

With DS4, scatter plots and basic linear fitting using Pearson coefficient of 

correlation were produced so that the relationship of the consistency of time spent 

in bed and sleep duration could be studies. For this analysis, three different 

percentiles of sleep duration were read from each individual: 25th, 50th and 75th 

percentile. Similar analysis was done between consistency and sleep efficiency. 

With DS4-g, the distribution plots were used to compare optimal go-to-bed times 

and median go-to-bed times. With DS4-i, the distribution of go-to-bed times and 

sleep score was plotted as a scatter plot. 

Big data analysis of seasonal, society and lifestyle factors that affect 

nocturnal signals 

With DS5, the nightly average RHR values of the wearable ring users during the 

2.5-year time span was looked in reference to the duration of daylight and specific 

dates and seasons in yearly calendar. With DS5-a, boxplots were plotted to see if 

alcohol caused a response in nocturnal RHR and HRV over the normal individual 

variation. With DS5-e, response in nocturnal HRV was analyzed in the same way.  
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4 Results 

4.1 New methods for the assessment of physical activity with 

wearable sensors 

The path from raw signals into digital biometrics typically requires signal 

processing steps and derivation of intermediate features. Following the study 

protocols presented in section 3.3.1, this section reveals how well wearable raw 

accelerometer signal transforms into estimated human energy expenditure levels.  

4.1.1 Estimating energy expenditure from hand movement: 

calibration with DLW 

A method for the estimation of the minute-by-minute intensity and cumulative 

amount of daily physical activity was developed, using f_hand as the main feature. 

As the first step, a piece-wisely linear model between f_hand and intensity of 

physical activity was determined (n=22), see Fig. 4. Adjustment factors for BM (kg) 

and BH (m) were –0.65% per kg above group mean and +1.00% per cm above 

group mean. 

Fig. 4. The four-point linearized model that produced the best fit between the frequency 

of hand movements and physical activity level (PAL) during 7 days of military training 

(n=22) (Reprinted with permission from Publication I © 2012 Institute of Physics and 

Engineering in Medicine). 
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No statistical difference remained between the estimated PAL or TEE compared to 

the criterion method (Table 5). B-A analysis of TEE showed no significant trend. 

The 95% LoA was –2.1 to +2.1 MJ∙day-1, equaling to ±13% of TEE. The scatter 

plot between the TEE estimated by above model and the criterion DLW method, shown 

in Fig. 5, displays high coefficient of correlation (r=0.86). 

Table 5. Physical activity level (PAL) and total energy expenditure (TEE) estimated by 

motion sensor, body mass and body height (MS model), and measured by doubly labeled 

water method (DLW). (Reprinted [adapted] with permission from Publication I © 2012 

Institute of Physics and Engineering in Medicine). 

Parameter MS model DLW t-test r (p) SEE (%) 

PAL (MET) 2.17±0.19 2.17±0.23 0.984 0.80 (<0.001) 6.3 

TEE (MJ d-1) 16.6±1.80 16.6±2.1 0.991 0.86 (<0.001) 6.3 

SEE (%) = standard error of estimate in per cents. 

Fig. 5. Total energy expenditure (TEE) measured with a motion sensor (MS) and doubly 

labelled water (DLW) technique from 7 days of military training (n=22) (Reprinted 

[adapted] with permission from Publication I © 2012 Institute of Physics and 

Engineering in Medicine). 

Multivariate linear regression analysis showed that f_hand_n alone explained 46% 

of the variation in average PAL among the conscripts. When TEE was used as the 

target parameter, BM explained 29% of the variation with a significant added 

contribution by f_hand_n and BH. All three factors together, with the equation 
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     TEEDLW (MJ day-1) = 0.064 ∗ BM + 1.25 ∗ f_hand_n + 0.120 ∗ BH – 22.9, (7) 

explained 70% of the variation in the criterion method. 

4.1.2 Hand motion frequency and intensity of walking and running 

with and without extra load 

In treadmill walk and run (n=24), f_hand correlated strongly PALIC, r=0.97 ± 0.02 

(range 0.93–1.00), see Fig. 6. However, the preferred movement frequency at a 

given speed varied between individuals, and variability was explained by BH; 

during walking (at f_hand = 60 mov. min−1, which means about 6 km∙h−1) and 

running (80 mov. min−1 and about 11 km∙h−1), BH correlated with PALIC (r=0.60, 

p=0.002 and r=0.65, p=0.001, respectively). At the mentioned values of f_hand, a 

1 cm change in BH increased PALIC by 1.3% in walking and 1.1% in running. 

Fig. 6. Scatter plot of movement frequency measured by wrist accelerometer and 

physical activity level (PAL) derived by indirect calorimeter (n=24). Each dot represents 

a 3-min stage of an incremental treadmill test. The average individual coefficient of 

correlation was 0.97 ± 0.02 (dashed lines). For combined data, the coefficient of 

correlation was 0.90 (solid line) (Reprinted with permission from Publication I © 2012 

Institute of Physics and Engineering in Medicine). 

During the 45 min march test with 20 kg military equipment, the motion sensors 

determined relatively stable values of f_hand (SD 2.3±1.0 movements min-1). The 
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average f_hand of marching was similar to f_hand measured in treadmill walking 

or running at the same speed (p=0.256), and the motion frequencies were correlated 

between the conditions (r=0.77, p<0.001).  

4.2 Validation of the new wearable sensor methods in detecting a 

change in long-term physical activity 

This section follows the study protocols presented in section 3.3.2 and compares 

results from the wrist acceleration methodology and golden standard methods in a 

long-term setting. The same people were followed-up during 12 weeks of 

pretraining and another 12 weeks of training. The target was to observe if a change 

in individual TEE could be observed. In reflection to the central premise of this 

work, the goal was to validate a new wearable sensor technology for the long-term 

assessment of personal health-related behavior. 

4.2.1 Assessment of TEE with a wrist-worn motion sensor alone, and 

when combined with heart rate monitoring 

Using the MET values estimated by the wrist motion sensor together with the BM 

based estimation of REE, the motion sensor displayed 78% and 62% agreement 

with TEE assessed by the DLW during pretraining and training periods, 

respectively (Fig. 7(a)). However, the resulting estimates were significantly higher 

than the measured values by +1.75 (p<0.001) and +1.19 MJ∙day-1 (p=0.002). When 

exercise HR was used as an additional input to the model, the combination 

explained 85% and 70% of the variation with significant positive biases of +1.89 

and +1.75 MJ∙day-1 (p<0.001 for both) during pretraining and training periods (Fig. 

7(b)).  

Correspondingly, when REE was calculated from FFM, the r2 values indicated 

72% and 62% agreement between the motion sensor and TEE assessed by the 

criterion method during pretraining and training periods. Combination of motion 

sensor and exercise HR in its turn showed 72% and 65% agreement. No statistically 

significant biases were observed in any of the outcome measures with the FFM-

based estimate of REE. There were no proportional biases between the methods, 

either. 
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Fig. 7. (a) Regression plot for total energy expenditure measured by doubly labeled 

water (TEEDLW) and estimated by the motion sensor approach (TEEMS). Open dots 

represent pretraining period (n=15), closed dots training period (n=13). (b) 

Corresponding plot except that heart rate monitor data is used instead of the motion 

sensor data during exercise sessions (TEEMS+HRM). In both A and B, resting energy 

expenditure was calculated from body mass and age (Schofield, 1985) (Under CC BY 

license from Publication II © 2019 Authors). 

4.2.2 Training-induced change in TEE estimated with a wrist-worn 

accelerometer, with and without exercise heart rate 

Table 6 displays the detailed training-induced changes in TEE and REE. The 

criterion method (DLW) and both wearable sensor approaches detected a 

significant increase in TEE. Here, BM-based calculation of REE are looked the first. 

With MS data only, change in TEE was an underestimate (p=0.004), since the 

change was +1.13±0.66 MJ∙day-1 by the criterion method and about one half of it 

by the MS. However, when HR was used to replace MS data during exercise, the 

wearable sensors estimated a change similar to that of the gold standard DLW 

method. 
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Table 6. Change (mean±SD) in daily energy expenditure as a result of training: 

comparison between pretraining and training periods (n=13) (Reprinted [adapted] under 

CC BY license from Publication II © 2019 Authors). 

Parameter Pretraining Training Change p 

 REE using body mass and age 

REEBM (MJ∙day-1) 7.82±0.56 7.85±0.54 0.03±0.09 0.133 

TEEDLW (MJ∙day-1) 11.27±1.35 12.40±1.69 1.13±0.66 <0.001 

TEEMS (MJ∙day-1) 13.00±1.22 13.60±1.57 0.59±0.691) <0.001 

TEEMS+HRM (MJ∙day-1) 13.17±1.19 14.15±1.48 0.98±0.701) <0.001 

 REE using fat free mass 

REEFFM (MJ∙day-1) 6.83±0.59 7.01±0.65 0.18±0.13 <0.001 

TEEDLW (MJ∙day-1) 11.27±1.35 12.40±1.69 1.13±0.66 <0.001 

TEEMS (MJ∙day-1) 11.37±1.29 12.16±1.66 0.79±0.571) <0.001 

TEEMS+HRM (MJ∙day-1) 11.51±1.27 12.65±1.60 1.14±0.581) <0.001 

Change = difference from pretraining to training period. p-value indicates the significance of the change. 

SD = standard deviation. REEBW = Resting energy expenditure estimated from body mass and age. 

TEEDLW = total energy expenditure assessed by DLW. TEEMS = TEE assessed by Motion Sensor. 

TEEMS+HRM = TEE assessed by motion sensor and heart rate monitor. REEFFM = resting energy 

expenditure estimated from fat free mass. 1) Criteria for normality not met. 

Looking at the alternative way for the estimation of REE, i.e. when FFM based 

REE was used, the estimated change in TEE from motion sensor and the combined 

wearable sensor approaches was similar to the DLW measurement. An increase in 

REE was also observed (+0.18±0.13 MJ day-1, p<0.001). 

Comparison between exercise days and non-exercise days confirmed that the 

observed increase in daily TEE detected by the wearable devices occurred during 

exercise days in all study participants (Table 7). Within-individual, changes 

between a non-exercise day and a pretraining day were small, and the average 

change roughly corresponded to the calculated daily change in REE (0.23 vs. 0.18 

MJ∙day-1). 

  



77 

Table 7. Individual daily TEE estimated from wearable motion sensor (24/7) and training 

heart rate and REE. Data are averaged for pretraining days, non-exercise days and 

exercise days to illustrate how TEE changed during non-exercise and exercise days 

during regular training (Under CC BY license from Publication II © 2019 Authors). 

 Pretraining Regular training 

 CNTRL (13 days) EXE (8 days) NonEXE (5 days) 

Subject TEE [MJ∙day-1] TEE [MJ∙day-1] TEE [MJ∙day-1] 

1 10.57 12.43 10.99 

2 9.47 10.97 9.82 

3 9.41 10.62 9.37 

4 12.62 14.88 12.33 

5 10.51 11.83 10.80 

6 11.47 12.35 11.46 

7 11.05 13.64 10.10 

8 12.41 14.00 13.11 

9 12.80 16.68 14.33 

10 13.50 15.99 13.84 

11 12.52 14.22 11.92 

12 11.08 13.52 11.08 

13 12.41 14.78 13.76 

Mean 11.53 13.53 11.76 

TEE = total energy expenditure. REE = resting energy expenditure calculated from fat-free mass using 

equation from (Wang, Heshka, et al., 2000). CNTRL = a normal day when not participating in training. 

EXE = an exercise day when participating in training (endurance or strength exercise). Non-EXE = a non-

exercise day during training weeks. 

4.2.3 Training-induced changes in physical activity at different 

intensities 

Results from cumulative time at different intensity zones in DS2 (n=13) has been 

gathered to Table 8, which also includes the observed change from pretraining to 

training period (i.e., there were 12 weeks between the measurements). As a 

response to training, the motion sensor detected an increase of 12±8 min∙d-1 

(p<0.001) in moderate and an increase with an interquartile range of 1–4 min∙d-1 

(p<0.001) in vigorous intensity physical activity. Combination of motion sensor 

(24/7) and HR monitoring (during exercise) displayed increased moderate intensity 

activity by 24±8 min∙d-1 (p<0.001) and increased vigorous physical activity by 7±5 
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min∙d-1 (p<0.001). Further on, the combination showed a tendency towards 

decreased inactive time by –38±70 min∙d-1 (p=0.064). 

Table 8. Cumulative time (h:mm, mean±standard deviaton) at different intensities of 

physical activity as measured by the wearable devices during the pretraining and 

training periods, and the corresponding change (n=13) (Under CC BY license from 

Publication II © 2019 Authors). 

Parameter Pretraining Training Change p 

 Motion sensor only (24/7) 

Nightly rest time  8:48±0:491) 8:40±0:49 –0:08±0:26 0.175 

Inactive 1–2 MET  9:01±1:23 8:32±1:54 –0:29±1:12 0.121 

Light 2–4 MET  5:23±1:28 5:44±1:35 +0:22±0:581) 0.200 

Moderate 4–7 MET  0:43±0:14 0:55±0:19 +0:12±0:08 <0.001 

Vigorous >7 MET  0:05±0:051) 0:08±0:05 +0:03±0:031) <0.001 

 Motion sensor (24/7) + heart rate monitor during exercise 

Nightly rest time  8:48±0:491) 8:40±0:49 –0:03±0:34 0.202 

Inactive 1–2 MET 9:00±1:23 8:22±1:51 –0:38±1:10 0.064 

Light 2–4 MET 5:17±1:29 5:32±1:39 +0:09±0:561) 0.433 

Moderate 4–7 MET 0:46±0:14 1:09±0:20 +0:24±0:08 <0.001 

Vigorous >7 MET 0:09+0:07 0:16±0:07 +0:07±0:05 <0.001 

p indicates significance of the change from pretraining to training periods. A 1-min window length during 

daytime, and a 10-min window length during nightly rest was applied. 1) Criteria for normality not met. 

4.2.4 Health-related effects of increased daily physical activity 

Comparison between pretraining and training periods in DS2 in the previous 

section demonstrated increased physical activity. As a response to the 12-week 

training period, V O2peak increased by 2.9±3.7 ml∙kg∙min (p=0.009) equaling to 

10.0±11.3% (n=13). Muscle force, measured with 1RM leg press, improved by 

12.6±4.1 kg (p<0.001) (n=12). Also, a favorable body composition change was 

observed since fat mass was lost 1.26±1.24 kg (p=0.002) and FFM was gained 

1.97±1.48 kg (p<0.001) on average.  
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4.3 Validation of PPG based RHR and HRV measurement 

Along with accelerometers, PPG is the other main passive sensor in the current 

commercially available wearable devices. The most apparent health-related 

parameters derived from PPG signal are RHR and HRV. This section contains the 

results from the measurement protocols presented in section 3.3.3., corresponding 

with the thesis sub-objective to study the accuracy of wearable PPG signal for the 

estimation of nocturnal physiological recovery parameters. 

4.3.1 Nightly average RHR and HRV 

With DS3 (n=49), the topic changed from measurement of physical activity with 

an accelerometer to nightly recovery assessment with PPG measurement. Close to 

perfect fit was observed between PPG based estimation of RHR and ECG based 

measurement of it, and very high fit of HRV between the ring and ECG, see Fig. 8 

(r2=0.996 and 0.980 for RHR and HRV, respectively). For RHR, 95% LoA was [–

1.38,0.11] bpm. B-A analysis also revealed a mean bias of –0.63 bpm and a positive 

trend (r=0.31, p=0.028). These two observations mean that underestimation was 

small, but it was more prominent at low HR. For HRV, similar analysis revealed 

95% LoA [–8.8, 6.5] ms with a mean bias of –1.2 ms. The ring slightly but 

significantly underestimated high values of HRV as indicated by negative trend in 

B-A analysis (r=–0.35, p=0.015). 

4.3.2 Accuracy within 5-min segments 

Fig. 9 displays the single 5-min HR and rMSSD data points from all subjects as a 

scatter plot between estimated values and those measured by the criterion method 

(r2=0.972 and 0.943, respectively). Across 5-min segments within individual nights, 

the PPG based ring estimates also correlated well with the ECG method (r2 median 

0.890, interquartile range 0.831–0.944 in HR, and median 0.815, interquartile range 

0.716–0.886 in HRV). Fig. 10 shows data from three individuals displaying very 

good, typical, and lower than typical performance levels of the ring PPG.  
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Fig. 8. (a) Nightly average heart rate (HR) estimated by the wearable ring PPG (Oura PPG) 

and measured by the gold standard method (ECG) in healthy 15–72-year old people 

(n=49); (b) Corresponding plot of nightly average heart rate variability (HRV). The HRV 

parameter is root mean square of succeeding differences (rMSSD ) (Under CC BY 

license from Publication III © 2020 Institute of Physics and Engineering in Medicine). 

 

Fig. 9.  (a) Scatter plot of HR estimated by wearable ring PPG (Oura PPG) and measured 

by the medical grade ECG in 5-min segments during overnight recordings from 49 

subjects (total of 4,511 datapoints). (b) Similar plot of the HRV parameter rMSSD (ms) 

(Under CC BY license from Publication III © 2020 Institute of Physics and Engineering 

in Medicine). 
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Fig. 10.  Nocturnal 5-min heart rate (HR) and heart rate variability (HRV) parameter 

rMSSD graphs from three subjects. (a–b) Individual HR and HRV data from a subject 

with high agreement; (c–d) Individual HR and HRV data from a subject with typical 

agreement; (e–f) Individual HR and HRV data from a subject with lower than typical 

agreement between the HRV estimated by the wearable ring and HRV measured by 

medical grade ECG (Under CC BY license from Publication III © 2020 Institute of Physics 

and Engineering in Medicine). 

4.3.3 Illustration of PPG waveform in arrhythmia  

Some arrhythmic events were also found in our apparently healthy population. To 

display signal characteristics and for the basis of discussion of potential future use 

cases, two examples of simultaneous medical grade ECG and ring PPG tracings 

recorded during arrhythmias are presented in Fig. 11.  
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Fig. 11.  (a) ECG and PPG signal tracings during an episode of trigeminy in a 38-year 

old subject. (b) ECG and PPG tracings during supraventricular tachycardia in a 77-year 

old subject (Under CC BY license from Publication III © 2020 Institute of Physics and 

Engineering in Medicine). 

4.4 Wearable ring sensors as quantifiers of sleep health 

This section aims at responding to the key premise of this work – detecting personal 

health-related behaviors with wearables at scale – by displaying sleep related data 

accumulated with a wearable ring in a big data collection. As presented in the 

literature review and in study protocols in section 3.3.4, combination of 

accelerometer and PPG signals can be harnessed to the assessment of sleep health, 

including the relationships between sleep timing and sleep amount, and between 

sleep timing and sleep quality. 

4.4.1 Total sleep amount 

The distribution of total nightly sleep amount in DS4 (n=9,333) is presented in Fig. 

12. The mean total sleep amount was 7.0 h, and mode was between 7.0 and 7.25 h. 
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Fig. 12. Distribution of nightly total sleep among users of a wearable ring (n=9,333) 

(Reprinted with permission from Publication IV © 2018 Authors). 

The relationships between consistency of sleep and total sleep amount is illustrated 

in Fig. 13. The consistency of nightly sleep duration is shown on the horizontal axis. 

Three different subfigures are presented representing 75th, 50th and 25th percentiles 

of an individual distribution in nightly total sleep. 

Fig. 13. Scatter plot of intra-individual consistency of nightly sleep duration and intra-

individual quartile limits of sleep duration among users of the wearable ring (Reprinted 

[adapted] with permission from Publication IV © 2018 Authors). 
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Higher inconsistency correlates with longer sleep duration at the highest quartile of 

individual distributions, but already the median sleep duration is negatively 

affected by inconsistency. 

The selected measure of sleep quality, sleep efficiency displays even clearer 

negative association with inconsistency as a negative coefficient of correlation is 

observed at all three presented percentiles of intra-individual sleep efficiency (Fig. 

14). In brief, lack of sleep consistency is associated with both with shorter sleep 

duration and poorer sleep quality among Oura ring users. 

Fig. 14. Scatter plot of intra-individual consistency of nightly sleep duration and intra-

individual quartile limits of sleep efficiency among users of the wearable ring (n=9,333) 

(Reprinted [adapted] with permission from Publication IV © 2018 Authors). 

4.4.2 Defining an optimal go-to-bedtime to an individual sleeper 

A scatter plot of go-to-bed times and sleep score using DS4-i is shown in Fig. 15. 

This individual sleeper has a median go-to-bedtime at 22.40 (10.40 pm), and the 

inconsistency of go-to-bedtimes was 1.2 hours (i.e., difference between 75th and 

25th percentiles). However, extreme go-to-bedtimes as early as 19.30 and as late as 

4.30 were observed. Late go-to-bedtimes associate with lower sleep scores, and 

there are very few nights with low sleep scores when go-to-bedtime falls between 

the 25th and 50th percentiles, i.e. between 22.00 and 22.30. 
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Fig. 15. Sleep score determined by a wearable ring according to go-to-bedtime in an 

individual ring user (587 nights). For comparison to other figures, 25th and 75th percentiles 

are shown as dashed lines and the median value as solid line (Reprinted [adapted] with 

permission from Publication IV © 2018 Authors). 

4.4.3 Defining an optimal go-to-bedtime to good sleepers 

Among whole DS4, the median sleep amount was 7 hours. In contrast, people 

selected for DS4-g (n=2,170) slept on average 7.35 hours. For DS4-g, comparison 

between median go-to-bedtime and optimal go-to-bedtime is presented in Fig. 16. 

Based on the distributions, the optimal go-to-bedtime distribution is located 

approximately 45 minutes earlier than the distribution of individual median go-to-

bed times.  
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Fig. 16. Optimal go-to-bed time and median go-to-bed time of those wearable ring users 

who were classified as good sleepers (n=2,170) and, subsequently, had an optimal go-

to-bed time determined. An optimum is typically 45 minutes earlier than median go-to-

bed time (Reprinted with permission from Publication IV © 2018 Authors). 

4.5 Big data analyses of health-related behavior and associated 

body responses detected by a wearable ring 

This section gathers the findings from the protocols presented in section 3.3.5. 

Together with the previous section, the goal is to meet the last sub-objective of this 

work. The results should ideally display the utility of wearables for big data 

analyses by providing concrete examples of a linkage between daily lifestyle and 

nightly health-related recovery parameters. While the previous results section 

showed results from sleep amount and timing, this section displays individual 

responses in RHR and HRV, and global responses in RHR. 

4.5.1 Response to alcohol and exercise at the individual level 

The response of RHR and HRV to alcohol in DS5-a is shown in Fig. 17. Alcohol 

manifests as increased RHR and decreased in HRV in the night with alcohol 

compared to the rest of the nights. In DS5-a, where individual mean RHR varied 

from 40 to 60 bpm, and HRV values varied from 30 to 110 ms between individuals, 

a relatively similar increase in RHR and decrease in HRV was seen in nearly all 
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subjects. The highest RHR and lowest HRV occur for every subject after the alcohol 

intake night, and these nights stand out as outliers for 8 out of 10 individuals.  

Fig. 17. (a) Boxplot of mean resting heart rate (RHR) estimated by the wearable ring from 

10 individuals over a 1-week period. Each subject reported alcohol intake – at least 3 

doses – on one of the days. In 8 out of 10 subjects, the alcohol night stands out as an 

outlier (red asterisk above the box). (b) Estimated mean heart rate variability (HRV) from 

the same subjects. In 8 out of 10 subjects, the alcohol night is seen as an outlier in the 

boxplot (red asterisk under the box) (Reprinted with permission from Publication V © 

2019 ACM). 

4.5.2 Response to exercise at the individual level 

The response of HRV to exercise in DS5-e is shown as a boxplot in Fig. 18, and all 

daily values in Table 9. Different subjects respond in different magnitude to the 

reported exercise sessions. With the exception of one subject the average of nights 

following an exercise day manifest lower HRV than during the average of non-

exercise nights, but only in 2 out of 10 individuals HRV after the exercise day stands 

out as an outlier in the boxplot (Subjects 2 and 9). The lowest HRV does not always 

associate with reported exercise on the previous day.  
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Fig. 18. Boxplots of resting heart rate variability (HRV) estimated by the wearable ring 

in 10 individuals during a week when they reported 1 or 2 training sessions (Reprinted 

with permission from Publication V © 2019 ACM). 

Table 9. Nightly heart rate variability parameter rMSSD (ms) estimated by the wearable ring 

during one week from 10 subjects, and averaged values for the nights following a 

subjectively reported non-exercise and exercise days. Bold numbers represent the nights 

following an exercise day (Reprinted [adapted] with permission from Publication V © 2019 

ACM). 

Subject Mon Tue Wed Thu Fri Sat Sun Mean N-Exe Mean Exe 

1 84 76 65 68 69 78 71 73 72 

2 70 56 59 59 nd 56 40 60 40 

3 92 74 45 54 85 55 69 72 45 

4 68 55 45 47 43 42 36 51 41 

5 30 32 29 45 35 37 32 35 29 

6 139 109 87 106 96 105 101 108 96 

7 80 74 67 68 74 75 71 74 71 

8 59 59 58 48 53 44 52 53 58 

9 59 44 44 37 46 21 43 46 21 

10 32 32 41 30 25 26 18 31 18 

nd = not defined. Mean Exe = average of nights following an exercise day. Mean N-EXE = average of 

nights when there was no exercise session on the day before. 
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4.5.3 Response to lifestyle, society, and seasonality at population 

level 

Mean RHR of DS5 is presented in Fig. 19 below, top panel for the people living in 

the Northern Hemisphere, and bottom panel for the Southern Hemisphere.  

Distinct dates: New Year’s Eve  

Looking at the RHR curve over the 2.5-year period in Fig. 19, there are three distinct 

dates where a sudden increase in RHR is observed. The date axis reveals that all 

those peaks represent New Year’s Eves. The holiday week at the end of December 

also stands out as a distinct and repetitive pattern. 

Seasonal variation 

Another interesting phenomenon is the low frequency fluctuation of RHR with a 

peak in winter and a trough at the end of the summer season. The amplitude of the 

seasonal variation is about 2 bpm. The decline in RHR starts in April and a 

minimum is reached in August, before autumnal equinox. In the Northern 

Hemisphere, in August 2018, average RHR was 1.6 bpm lower than in March 2018, 

and the average RHR in December was 2.1 bpm higher than in August. Among 

subjects from New Zealand and Australia separately, an opposite phase in the 

seasonal variation with regards to the length of the day was observed. However, the 

response in RHR is delayed in respect of change of the length of daylight at both 

Hemispheres, which could be related to ambient temperature. Also, the rate of 

increase in RHR in December appears to be faster than one would expect from the 

change in the day length, which could be related to increased stress before holiday 

season, reduced physical activity, or lower general health status. There is also a 

drop in RHR from December to January when healthy lifestyle decisions are made 

at a large scale. 

Weekly rhythm 

Fig. 19 also displays a regular weekly rhythm where RHR finds a local peak every 

weekend. The amplitude of this weekly rhythm is also almost 2 bpm in magnitude: 

night between Saturday and Sunday averaged 1.6 bpm higher than the night 

between Monday and Tuesday in DS5.  
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5 Discussion 

The goal of this work was to develop and validate new technology for the long-

term assessment of personal health-related behavior and to illustrate its utility in 

big data collections. In this chapter, my primary target is to discuss the significance 

and limitations of the present findings in relation to this goal. This work has taken 

technical development steps in the area of wearable sensors and the algorithms 

embedded in them. The developed algorithms were validated against gold standard 

methods and applied in the assessment of nightly body responses and health-related 

behaviors. The first part of this work presented a methodology how hand 

movements are transformed to parameters that can be used in practical analysis and 

management of physical activity behavior, such as daily EE and time spent at 

different intensities of physical activity. Wearable products also include sensors for 

PPG measurement. Subsequently, the middle part of this work validated ring PPG 

for nocturnal recovery measurements: RHR, and HRV. In the final part of this work, 

the focus was in turning wearable device estimations into practical tools for 

personal lifestyle management, and big data tools in the population wide research.  

The secondary target of this section is to discuss the position of this work in 

relation to the rapid development of the mobile health space during the 2010s, and 

in relation to the future opportunities it could enable. The present outcomes with 

regards of the validity of the wearable bio-signals, together with current trends in 

multi-sensing and machine learning approaches, prompt future work in clinically 

more relevant outcomes. However, there are many challenges to beat before the full 

utility can be released. 

5.1 Assessment of physical activity with wearable sensors 

One of the most important aspects of this work was the development and execution 

of the data acquisition and processing chain from sensor signals into parameters 

that have a health impact. Hand movement frequency f_hand, being a feature 

derived from raw accelerometer signal, with an adjustment for BH and BM 

successfully predicted the intensity of physical activity in treadmill walk and 7-day 

military training. In study of Publication I, some of the algorithmic parameters were 

calibrated based on the same subjects, which is a limitation. However, a similar 

methodology applied in a commercial activity tracker was capable of explaining 

78% of the variation in DLW-assessed TEE during moderately active life, and 62% 

of the variation during those two weeks that included regular bike ergometer and 
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strength training (Publication II). These values compare well to the best results 

where accelerometer has been placed close to the body center (Plasqui et al., 2013). 

The method also detected an increase in daily EE as a result of a 12-week training 

period. The training modalities were challenging to an accelerometer, and 

subsequently, HR monitoring during training improved the estimation of the change 

in TEE. The combined motion sensor and HR monitoring method was able to 

correctly estimate the increase in EE at the group level. The individual level was 

not estimated in this work. Individual analysis will require careful study design, 

and preferably higher training frequency since also the accuracy of the criterion 

DLW method is limited with its 2–12% coefficient of variation (Westerterp, 2017). 

5.1.1 Suitability of hand movement frequency for assessing whole 

body movement 

When applying basic physics to the modeling of the intensity of human work (W) 

with an acceleration (a) sensing element, integration of the movement of the mass 

of the body (m) would most naturally have the sensor worn near the center of the 

mass (W = F∙s, where F = m∙a). Subsequently, in research use, waist or hip have 

been practically the only choices for the positioning of the accelerometer until 

2010’s. In this work, wrist was selected as the measurement site for the sake of 

feasibility. Movement frequency is a parameter that is similar at the extremities 

than at the center of the body in many activities, which might be one reason why 

the presented approach was successful. The utilized parameter is also different from 

the more frequently used alternatives, such as vector magnitude count or mean 

amplitude deviation (van Hees et al., 2011; Leinonen et al., 2017). The present work 

is apparently the first one where f_hand has been applied in the estimation of TEE 

and validated in a long-term setting. Additional development steps in the present 

work were a calibration based on body dimensions, use of rhythmicity as a 

complementing feature, and use of several thresholds, which may have helped in 

estimation of the intensity of sedentary activities where hands can move 

independent of whole-body movement. For best comparison for existing literature, 

it would have been optimal if this work had also studied other positions for the 

accelerometer sensor. There is also a full reason to think that movement frequency 

could also characterize intensity of physical activity well if the sensors were 

positioned close to the center of the body, on thigh or ankle. In fact, arms do not 

move freely in some activities, and other body positions could perform better for 

example when walking behind a pram. Population groups whose arm movement 
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may be limited in different ways might also require future work to assess the 

applicability of hand movement frequency in them. 

5.1.2 Overcoming the limitations of accelerometer-based 

measurement 

This work also analyzed conditions where the motion sensor-based method did not 

work optimally. It did not account for the extra load carried during a marching test 

and underestimated the effect of strength and bike ergometer training on daily EE 

– all limiting factors for the motion sensor-based method. Luckily, these activities 

represent only a fraction of weekly total time, and alternative ways can be 

developed to overcome these limitations, such as automatic activity recognition 

(Haapalainen, Laurinen, Röning, & Kinnunen, 2008; Siirtola, Laurinen, 

Haapalainen, Roning, & Kinnunen, 2009; Siirtola et al., 2011) that can also be 

augmented for example by the user input. Current wearable devices also provide a 

more convenient optical pulse measurement that can be used during exercise, but 

unfortunately, they have not been validated in a long-term setting against DLW yet. 

The notable overestimation by 14–17% in the wearable estimation of TEE is a 

fact that needs to be considered when comparing the outcomes from the motion 

sensor used in this work to other measures of physical activity. This observation is 

in line with earlier findings (Leinonen et al., 2017). As shown by the alternative 

way of estimating REE using FFM, the overestimation is at least partly related to 

the calculation of REE, which typically corresponds to about two thirds of human 

TEE. On the other hand, in consumer technology devices where REE is still 

estimated using easily obtainable parameters, the relationship between f_hand and 

PAL should be re-calibrated for adult population. The equations used in the 

wearable motion sensor in Publication II have been developed with data measured 

from kids, and these factors may not hold in adult males. In practice, a calibration 

that would correct the situation simply means lowering the PAL relative to f_hand. 

Target group-based calibration using indirect calorimeter is routinely conducted as 

a part of the process when wearable technology is being developed. In hindsight, it 

is also easy to pay attention to the fact that already in Publication I, a negative effect 

of BM (–0.65% per 1 kg) was reported for the intensity of exercise at a given f_hand, 

a factor which was not included in the model presented in Publication II.  

Another reason for the overestimation is the fact that HR can be elevated 

because of other factors than elevated metabolism, for example dehydration or 

extra heat in the body. Obviously, it would be helpful to have more dynamic, 
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individualized models that are based on multi-sensor data, instead of a typical linear 

and generalized model that assumes constant intensity at a given HR irrespective 

of the context and prior activities. Whenever an expensive DLW protocol is 

performed, comparison to state-of-the-art research grade accelerometers would be 

desirable. However, the study was already protocol-heavy and long without 

additional devices. 

It is also reasonable to consider the observed results from a wearable device 

user point of view. A single user has practically no other means to compare accuracy 

except other wearable devices or a comparison between different days. Moreover, 

most of the parameters are either abstract numbers (such as MJ or MET) or 

impractical to measure in real-life context (daily steps count). The absolute 

accuracy indicated +15–20% error compared to real energetic demands, which is 

still smaller than typical human ability to estimate dietary energy intake (typically 

underestimated by 20–30% (Schoeller, 1995)). Putting these numbers together, it 

becomes clear that ability to stay consistent and detect a change are even more 

important than the absolute level with the criterion method. For that reason, the 

present findings on the ability to detect the positive impact of a lifestyle change, 

and the difference between active and inactive days, can be considered significant, 

also from a single user point of view. 

5.1.3 Linking wearable activity metrics into health and fitness targets  

With a small exception in study of Publication V, this thesis examined daily 

physical activity and nightly recovery parameters in separate protocols. However, 

their combination could offer new insights into health and fitness. As it has been 

generally observed in other corresponding studies (Bouchard & Rankinen, 2001), 

also the training intervention study of this work (Publication II) showed significant 

group level improvements in physical performance metrics ( V O2peak, muscle 

strength, body composition) with heterogeneity between individuals. The 

heterogeneity raises a question if an individual transfer-function between physical 

activity behavior and positive outcomes in performance and health could be found. 

Moreover, the target should be to follow-up any progress in health-related 

parameters with the help of wearable data. In addition to sticking to a prescribed 

weekly training program, it would be important to remove other stress factors and 

pay attention to sleep quality in order to optimize a training response. For example, 

training of shift workers and modulation of training programs according to 

menstrual cycle phase are factors that would deserve individual follow-up tools.  
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RHR and HRV have already been applied to the estimation of cardiovascular 

fitness (Kinnunen et al., 2000) and prescription of an exercise regimen individually, 

either via morning orthostatic measurement (Hautala et al., 2006; Kiviniemi et al., 

2007; Kiviniemi et al., 2010) or via nocturnal assessment (Vesterinen et al. 2013; 

Vesterinen, Häkkinen, et al., 2016; Vesterinen, Nummela, et al. 2016). In the small-

scale sub-study that followed nocturnal RHR and HRV responses, exercise days 

were generally associated with acutely lowered HRV on the following night 

(Publication V). The more long-term, positive response to exercise, mediated via 

increased parasympathetic activation and increased cardiac output, should take 

place in the opposite direction, but it was not assessed in this work. Furthermore, 

wide heterogeneity in the acute response was observed between individuals. The 

heterogeneity can be partly attributed to the fact that the exercise sessions were not 

exactly prescribed nor controlled in study of Publication V. Apparently, some 

individuals may have been accustomed to the type of training, duration and 

intensity that they chose on those days. Several other stress factors may have also 

affected HRV over the course of the week, or in parallel with exercise. Better 

designed studies are needed to separate the effect of various stress inducing factors 

with wearable devices. Therefore, the sub-set protocols with exercise and alcohol 

in study of Publication V should be seen as experimental only.  

5.2 Simple and complicated algorithms for wearable sensors and 

mobile health applications  

The present work developed and analyzed methods for wearable sensors with the 

aim of utility in long-term data collections. The models were all simple, subject-

independent, and easily interpretable in relation to physiology or physical 

properties of the person. The reasoning for this choice was that real-life practical 

applications still required simple, robust, and power-efficient methods. The modern 

machine learning techniques can sometimes perform better than an expert human 

observer in areas, where reliable reference results are available for a specific user 

group that is being analyzed (medical imaging) or where rules are deterministic 

(chess). However, a number of factors still support product development and 

research work around most robust methods: better generalizability (across sensors, 

user populations, environmental conditions), scalability, real-time availability 

(online computing at the sensor level vs. off-line cloud computing), easy calibration, 

and adaptability based on additional biological, technical or environmental 

information or subjective feedback from the user. If the number of modeled 
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parameters is low, it is generally possible to develop a model with fewer study 

participants. In study of Publication II, a model developed with a dataset of kids 

and adolescents (Virtanen, Kidwell, Kinnunen, & Finn, 2012) was tested in 30-year 

old males against two-week DLW. As discussed in the previous section, high 

agreement but an overestimation by 14–17% was observed. Due to the simplicity 

of the model, the correction is easy to perform and the expected effect on the 

agreement with the criterion methods is low. In comparison, if a deep learning or a 

complicated machine learning model had been used, an entirely new model were 

needed for the model to apply in a population, which significantly differs with 

regards to physical dimensions: roughly 40 cm taller and doubly as heavy and 

potentially very different physical activity behaviors. 

Importantly, the robust algorithmic methods and more complex algorithms are 

not always mutually exclusive. Taking automatic activity recognition in gym 

training as an example, the expected predicting reliability in a subject-independent 

modeling is around 62–72%, which is too low and indicates a need for subject-

dependent models (Koskimäki, Siirtola, & Röning, 2017). Regarding model 

development, the most time-consuming phase is the data collection and labeling. If 

the labeling is used by individual users, it requires lots of labor from users and such 

applications are not very common. However, if a robust method works relatively 

well in normal life, such as the methodology developed in this work did, it can 

become reasonable to design and realize a user-augmented machine learning 

process to quantify the benefits of those high-intensity activities that are relevant 

to an individual subject. If only a fraction of daily time requires manual labeling in 

the development phase, the efforts can be kept in minimum for an individual user. 

Feasible use and suitability for most ubiquitous computing was a priority in this 

work. Understanding the latest developments in the field, it seems apparent that the 

performance level achieved with some of the present approaches can be later 

exceeded by more complicated solutions utilizing machine learning. 

5.3 Assessment of nightly recovery with wearable sensors 

The second sub-objective of this thesis extended the focus from physical activity, a 

health-related behavior, to easily interpretable biometrics that have direct links to 

health. Close to 100% agreement was observed between nocturnal average RHR 

estimated from finger PPG and the corresponding values measured with medical 

grade ECG (r2=0.996), and a very high fit for the corresponding comparison for 

HRV (r2=0.980) (Publication III). What is noteworthy is that the finger PPG was 
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obtained using a 4-gram ring. Combining the comfort of wear and the observed 

accuracy of the heartbeat measurement, the ring can be considered suitable for a 

long-term follow-up of ANS responses in healthy individuals. Within-individual 

analysis across 5-min segments of a single night also showed high agreement with 

the ECG, which is good news if the ring is seen as a tool to follow-up of the 

recovery process during the night. For example, the ring measurements could 

display impact induced by evening activities, nutritional content, alcohol, or 

changes in work shifts as changes in within-night RHR and HRV curve. 

Publications IV–V also provided evidence that the same technology can be used to 

identify acute effects from alcohol consumption, exercise, and sleep scheduling. In 

Publication V, it was shown how in the modern Western lifestyle, also people who 

appear to have good sleep quality should ideally adopt an earlier go-to-bed time in 

order to catch best sleep on their individual scale. 

5.3.1 Elimination of motion artefact and ectopic beats 

Despite almost perfect agreement with the ECG, the ring PPG based method 

underestimated very high values of HRV. These underestimated values were related 

to the automatic elimination of extraordinarily large beat-to-beat differences from 

the PPG-based HRV estimations but not from the ECG-based HRV numbers. Visual 

verification of the ECG confirmed most of them as respiratory sinus arrhythmia. 

The elimination of abnormal beats and motion artefacts in the ring is currently done 

based on the timing of heartbeats. The additional value of the PPG waveform 

analysis in the detection of ectopic beats could be worth future study. The 

preliminary illustration of the ring PPG waveform in the case of arrhythmia (see 

section 4.3.3) could be regarded as promising for detecting the type of rhythm 

abnormality. It is also noteworthy that as many as five subjects were left out from 

the HRV analysis in DS3 due to frequent ectopic beats. This reminds of the fact that 

determining HRV in athletes may require special considerations. Moreover, before 

extending current findings to clinical applications, future studies on the ring HRV 

evaluations are necessary in various patient populations where extra beats can be 

common while normal HRV can be very low. 

5.3.2 Response to alcohol intake and weekends 

Nocturnal RHR and HRV were shown to respond strongly to alcohol intake in a 

small sub-study of Publication V. Knowing the weekly pattern of alcohol intake, it 
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also contributes to the rise in RHR observed at the population scale every single 

weekend, and especially strongly at every New Year’s Eve, which were one of the 

main observations in the big data of the same study. Another, apparent contributor 

to elevated RHR at the weekends is delayed sleep: RHR can be expected to increase 

whenever sleep is misaligned from the time of night when normal circadian rhythm 

adjusts the metabolism to its lowest levels. The weekly pattern of earlier wakeups 

at weekdays and later wakeup at the weekend is called social jetlag, because is it 

assumed that at weekdays, many people live at an earlier schedule than they would 

inherently prefer, and they often do it for social reasons. Subsequently, sleep debt 

accumulate, hormonal regulation can be disrupted, daily performance may drop, 

and nightly sleep may be impaired – all of which can be relatively small impacts 

acutely but the cumulative negative effect on cardiometabolic health can be huge. 

Apparently, a third contributor to elevated RHR could be increased physical activity 

levels at weekends in some individuals, a factor that can be easily assessed with 

wearable device big data. 

In this work, alcohol intake was a self-reported behavior, and only the 

corresponding response was observed by wearable devices (Publication V). 

However, the strong and consistent response indicates that such detection could be 

doable on top of wearable data. 

5.3.3 Expanding ring PPG to other HRV parameters and assessment 

of sleep quality 

Among several HRV parameters that are used in research settings for many 

purposes, this work only analyzed the most used time domain parameter (rMSSD). 

However, rMSSD is certainly one of the most challenging parameters, since it 

includes all the highest frequencies found in HRV and is sensitive to all excess 

variability in heartbeat timing that is found in PPG based pulse intervals over ECG 

based R-R intervals. For the best agreement between the wearable and gold 

standard methods, future work also needs to determine the optimal calibration 

methods for removal of bias between PPG and ECG in each HRV parameter. 

Pulse intervals and PPG waveform are inputs for the wearable sleep assessment. 

Therefore, current positive results on the accuracy of the estimated HRV in 

immobile, nocturnal conditions benefit new applications around sleep health. High 

parasympathetic and low sympathetic ANS activity generally link to better sleep 

quality, particularly with deep sleep. Publication IV already displayed how the 

wearable data could be used to derive information between sleep scheduling and 
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sleep efficiency at big scale. With advancements in the sleep staging, similar 

analysis could be possible for other aspects of sleep quality as well. This kind of 

analysis would be in line with one of the statements given by Buysse (2014), 

regarding how studying individuals with a wide range of sleep health can identify 

biomarkers more efficiently than simply studying those who are affected vs. those 

who are not (p. 9). 

5.4 Population wide research using wearable big data  

The third sub-objective of this thesis required usability of the developed methods 

in big data analyses at the population level. If one wishes to study the health-related 

responses broadly, such as the impacts of lifestyle or societal impositions, 

continuous data and large number of people is a pre-requisite. Collecting 

continuous high-quality data over extended periods is very difficult, and it can be 

a strenuous requirement also for study subjects to respond to queries and fill in 

diaries – i.e. data collection methods, which are subjective by nature and do not 

easily scale across continents or cultures. In contrast, wearable devices have 

become common, and their continuous use means accumulation of a huge database 

that can also be harnessed for research use. 

In this work, it has been shown that data generated from the wearable sensors 

can be used to identify health and lifestyle related effects from individual people, 

and importantly, as accumulated big data across large populations. An example of 

this is Fig. 19 in section 4.5.3, which represents a data collection that did not require 

any additional effort from individual anonymous study subjects. For instance, it 

quantifies the strong negative effect of New Year’s Eves on RHR, and apparently 

gives the highest precision of human physiological response to seasons. A yearly 

fluctuation in RHR is observed with a peak in winter at both Hemispheres of Earth, 

meaning an opposite phase for subjects living in New Zealand and Australia 

compared to those living in the Northern Hemisphere. 

It seems clear that the low frequency, yearly fluctuations can only be explained 

by both seasonality and societal factors. Biological, seasonally varying factors are 

sun light and ambient temperature. Since the response in RHR is delayed in respect 

of the change in daylight, ambient temperature apparently plays a role, particularly 

because the amount of habitual physical activity is affected by it. General health 

status, such as the spread of a flu, is more common during the cold season. Some 

other observations are related to lifestyle, as RHR is elevated more in December 

than what could be expected based on the change in daylight. This elevation might 
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be caused by winter holiday season stress. January, in its turn, may represent a new 

start of a healthier lifestyle of many people, and correspondingly, a lowered RHR 

can be observed. Summer holiday season, on the other hand, may be long enough 

to relieve work related stress, which contributes to the lowest RHR occurring in 

August.  

The long-term fluctuations in RHR may also align to the reported seasonality 

in CVD. Correspondingly, future studies could also clarify the strength of 

seasonality in RHR according to the distance from the Equator, a factor that has 

already been linked to the seasonality of CVD (Pell & Cobbe, 1999). The 

observations of study of Publication V also suggest experiments in quantifying 

social policy impacts, such as a change of work schedules on sleep quality and RHR 

by region, or what kind of sleep and physical activity related behaviors could lower 

the risk of getting a fever. In study of Publiction V, the number of subjects increased 

throughout the study and demographics may have changed a little, which limits the 

utility for more refined conclusions. However, as the user base grows, there is 

potential for this kind of solutions awaiting exploration across several disciplines 

of human sciences. 

5.5 Future work in personalized health solutions 

5.5.1 From tracking to behavior change  

This work successfully validated a wrist MS in daily activity measurements and 

finger PPG for nightly recovery measurements. However, the ultimate assessment 

of goodness should be entirely independent of the development work. It would be 

desirable to have completely independent validation in different and wider 

populations confirm the present findings. Even more importantly, it would be 

desirable to validate wearable trackers in respect of their ability to guide people in 

achieving positive changes in their health. The leap from tracking data to driving 

behavioral change can be high. In consumer sleep technology products, several 

behavioral change techniques are used, yet little is known on their long-term 

efficiency (Duncan et al., 2017). Consistent behavioral change is difficult, and the 

positive effects of a behavioral intervention do not always preserve even after a 

successful intervention. The same applies to wearable devices, and many people do 

not wear them any longer after six months of use (Patel, Asch, & Volpp, 2015). The 

first few weeks of use with an activity tracker are sometimes the most active ones, 
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which was the case in one follow-up study with the wrist-worn motion sensor which 

was used in this study as well (Jauho et al., 2015). More research deserves to be 

directed to solve this challenge: it may be possible to partly overcome this by 

providing more personalized guidance and insights that combine daily behaviors 

and nightly body responses. 

As discussed above, several daily behaviors affect human health and recovery, 

and sometimes the individual responses to certain stimuli show high heterogeneity 

(Bouchard & Rankinen, 2001). Combining measurements of daily behaviors, 

nightly sleep and nocturnal physiological responses may add an important layer 

that help explaining the heterogeneity. For example, the combined feedback can 

help provide individual reference values of what kind of intensity and timing of 

physical activities lead to best sleep quality and highest nocturnal ANS activity. At 

the same time, it is important to acknowledge that current work mainly studied 

healthy individuals only. Only future work will enable more accurate baseline 

tracking of those who were not fully a part of present test population. 

There is one tool available for improving both nightly sleep and daily 

performance, namely more consistent life in respect of the 24-h body clock in 

mealtimes, exposure to light, timing of physical activity, and sleep schedule. 

Several of these factors can be measured by the wearables. This was indirectly 

confirmed by study of Publication IV that showed how consistent sleep duration is 

associated with both improved sleep quality and a higher sleep amount in the long-

term analysis. In the present work, skin temperature measurement was used for the 

assessment of time spent in bed. A recent study also indicated that the long-term 

wearable data from a wellness ring can be mined for the detection of chronotype, 

where automatic detection of sleep schedule is one component (Kinnunen, Smarr, 

Laakkonen, Paksuniemi, & Koskimäki, 2018). In addition to detecting the circadian 

rhythms, it would be essential to provide circadian rhythms related guidance that 

would be fitting to individual needs (U.S. Patent Publication No. 20170132946, 

2017). It could also be possible to make use of the 24-h skin temperature deviations 

in detecting some aspects of circadian and ultradian rhythms. The ring has been 

evaluated for detection of menstrual cycle rhythms (Maijala, Kinnunen, Koskimäki, 

Jämsä, & Kangas, 2019) which indirectly validates the sensitivity to the level of 

temperature changes between pre-ovulatory and post-ovulatory phases (i.e. 0.3–0.4 

ºC). After establishing a user-specific baseline, the skin temperature and heart beat 

based derivatives might also provide an early warning system for illnesses – a clear 

potential that on-going studies will clarify in different healthy and patient 

populations.  
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One important aspect in the wearables field is to critically observe if they serve 

people’s needs by helping people to reach better health and performance rather than 

just tracking data, or what would be even worse, inducing an additional distractor 

or stress factor. As a wearable device user, I would like to have my targets adapt 

according to my body responses rather than receiving the same targets every day. 

Life and health are not simply either ideal or problematic, and the situation can 

change daily even within an individual. Ideally, the guidance given by the wearable 

solutions should not only push for more physical activity but also include 

recommendations for adequate recovery (U.S. Patent No. 10105095, 2018). The 

same applies to sleep: everyone already has some level of sleep health, from poor 

to good, just as everyone has some level of cardiovascular health or general health 

(Buysse, 2014). In addition, it would be important to display all positive effects of 

behaviors rather than the negative, stress related measures. Wearable technology 

can contribute to the health-related behavior and sleep health research by 

illustrating all individual and inter-individual variability in how human body 

responses to behaviors (Publications IV–V).  

Rather than being simply health enhancing or risk factors, several health-

behaviors and their related positive body responses are also health markers. From 

a wearable device point of view, this work illustrated how RHR and HRV as body 

responses show a range of responses in both directions. Future studies should 

clarify if additional responses that are detectable via wearable PPG, such as arterial 

stiffness or vasomotor activity (Hirotsu et al., 2020), could indicate positive 

cardiovascular adaptations as a response to a behavioral change, preferable at the 

individual level. 

5.5.2 Bridging the gap between general wellness and medical grade 

devices 

Some of the themes analyzed and discussed in this work easily extend from the area 

of general wellness to topics that may include some clinical significance. The target 

of the general wellness category is clearly not to diagnose or treat diseases, but they 

could help people who have a risk developing disease by providing a cost-effective, 

pre-screening and warning system that allows also medical interventions at the 

earliest stages of disease (Goodday & Friend, 2019). This work converted human 

motion and cardiovascular signals into behavioral and physiological measures 

mostly in healthy, asymptomatic individuals. The next natural steps would apply 

the developed tools in order to find clinically more relevant outcomes, which would 
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mean converting these measures into clinical symptoms that can be fused together 

with clinical data records. For example, these steps would allow the follow-up of 

healthy course of pregnancy or some clinical syndromes like Parkinson’s disease. 

At the time of the compilation of this work, COVID-19 pandemic was on-going, 

and several studies were initiated for an early detection of illness symptoms using 

wearable device data. Some of the most promising parameters are skin temperature, 

RHR, HRV, and HRV-derived respiration rate. Assuming any positive outcomes 

from these studies, questions may be raised concerning the limit between a general 

wellness tracker and medical device. If common validation standards and tools 

were available, and faster medical device approval processes for new methods were 

in place, it could speed up the contribution of consumer technology products 

outside the general wellness space. Traditionally, these applications belong to the 

medical space only.  

Literature also presents several challenges that need to be solved before 

consumer technology products can be expected to gain higher adoption in clinical 

use. The challenges include frequent firmware updates, proprietary nature of the 

algorithms, and low number of validations particularly in different patient groups 

(Evenson, Goto, & Furberg, 2015; de Zambotti, Godino, et al., 2016; Khosla et al., 

2018; Watson, Lawlor, & Raymann, 2019). The critic is well reasoned to ensure 

that any guidance given by consumer products is safe and drives their users towards 

healthy lifestyle. Apparently, open discussion between sleep medicine and 

wearable sleep technology will be necessary. Certain level of standardization, 

clarification of the role of consumer technology devices and their position would 

be an important next step. Moreover, it would help generating platforms that could 

combine wearable data, other behavioral and societal data, and medical records. 

Subsequently, Table 10 summarizes the strengths of consumer technology and 

clinical viewpoints for the wearable device use. The right column of the table 

presents solutions how improved synergy could serve the utilization of wearable 

technology products in the health space in the future. 

Even though the new wearable solutions and medical use cases slightly overlap, 

their main purposes are still different. From a wearable user perspective, motivation 

for using the device is usually to improve daily performance, while the intended 

use for a corresponding medical device is to find the right treatment for a disease 

or a disorder. This work can also be an illustration of how improved usability is 

harnessed to serve the research space, even if accuracy can be inferior to gold 

standards. 
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Table 10. Strengths of general wellness product and medical device approaches, and 

their combined future potential in the health space. 

 Current, divergent viewpoints  Convergent ideal 

Issue Consumer technology Clinical use  Future health solutions 

Definition of 

health 

Best obtainable physical 

and mental well-being 

Absence of disease and 

disorders 

 Personalized models of health, 

resilience to any challenge 

Main use 

case 

Improved daily 

performance  

Diagnostics, treatment 

decision 

 Personalized medicine and life 

coaching services 

Main criterion 

for purchase 

decision 

Feasible user experience Validated in patient groups  Feasibility is part of validity: 

determining personal baseline 

is a pre-requisite 

Approach / 

Tone of voice  

Supportive coaching, 

general, easy-to-

understand 

Evidence based public 

guidelines, symptom 

specific, deep analysis 

 Context sensitive, layered, 

open information sharing  

Protective 

actions 

Proprietary algorithms help 

preserving rights of the 

original idea 

To ensure privacy, data is 

not shared; clinical data is 

not available to outsiders 

 Aggregated clinical and 

wearable databases. In AI-

algorithms, data ≈ algorithms. 

Validity 

measure 

Consistency, how 

corresponds with real-life 

experience 

Accuracy, precision against 

previous medical standards 

 Depends on use case. 

Systematic errors are removed 

automatically. 

Measurement 

mode 

Continuous, long-term Single measurement at 

clinician request, or when 

patient is symptomatic 

 Feasible and continuous: 

professionals get a note when 

patient data indicates an issue  

Preferred 

update 

frequency 

Latest updates as soon as 

major bugs have been 

corrected 

Validated algorithms are 

allowed, solid version 

control is necessary 

 Public unit-test data can be 

used to track any effects of 

updates 

Hardware 

updates 

Latest sensors as soon as 

an improved technology is 

available 

Well validated sensors are 

accepted with appropriate 

version control 

 Holistic human models are 

used to track and compensate 

for any systematic biases 

Standards 

and 

approvals 

Technology standards and 

protocols are preferred to 

speed up the development 

Medical device approvals 

are necessary to ensure 

quality and credibility 

 Faster approval if public health 

benefits are available; claims 

assessed against public unit 

test data and human models. 
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5.6 Lessons learned – developing a solution from sensor data and 

algorithms via behavior-response analysis to a big data tool 

Fig. 1 of this work illustrated how ECG based measurement of HR and HRV has 

formed the background for the assessment of TEE, cardiovascular health and 

wellness, and some aspects of the 24-h behavior analysis in this work. The same 

figure also displayed examples of how innovation, product development and basic 

science can take years before corresponding product validation against gold 

standard methods is published. The original publications of this work have been 

published between 2012 and 2020, and the first data collection was performed as 

early as in 2006. Considering the long time span, it is reasonable to discuss how 

the wearable technology space has developed during this time, and why this kind 

of holistic approach that collects multi-sensor data from wearables and derives 

health-related conclusions for an individual or a group of people, has not taken 

place earlier.  

During the last 10 years, a huge technological development has been observed 

that has enabled miniaturization of wearable devices. The mass market for digital 

accelerometers developed to mobile phones in 2005–2008 and became suitable for 

wrist-worn devices around 2010. This corresponds with the time when Polar Active 

and Nike Fuel Band came to the consumer market, and when daily activity 

measurements became common. The studies of Publications I–II utilized 1-D 

accelerometers where the sensing element was 2x2x1 mm in size, whereas the 

studies of Publications III–V had a 3-D accelerometer that sized 1x1x0.6 mm. At 

the same time, the power consumption of the measurement has dropped firstly to 

100 µA and lately to below 20 µA level. In addition to increased battery lifetime, 

the computing power of the processors has increased, which has enabled new 

features and real-time computing. Overall, better user experience contributes to 

higher wearing adherence.  

The most significant development on the optical measurement side has been 

more powerful light emitting diodes (LED), and their lower prize. The 

developments of the photosensor have been accelerated by increased data 

processing power and innovations in the sampling and amplification processes. 

Both accelerometers and photosensors can nowadays be embedded in small devices. 

It is fair to acknowledge that the ambition level has risen during the time span 

of this work, and emphasis has moved towards big data and health-oriented 

applications. World-wide adoption of smartphones, which are now equipped with 

an internet connectivity, has enabled a link between the sensing devices and cloud 
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servers. This has also enabled smooth delivery of firmware updates, and the 

development of signal processing algorithms may have continued while the user 

base has grown. Current cloud servers can accumulate data in relatively safe 

storages where they can be accessed by data scientists in aggregated form. Actions 

have been taken to ensure data security and health data privacy protection. As a 

result, wearable device users trust the service providers so that they are ready to 

share their data if it is kept in a personally non-identifiable form. Now that the 

concept of health is shifting from absence of disease to a more holistic view of 

resilience to daily challenges, which together with the validation reports like those 

presented in this work, is helping receive higher acceptance for wearable 

applications among health professionals. As discussed above, transforming 

changes in behavior and physiological body responses into clinical symptoms is 

still missing, but after significant amount of data has been collected internationally 

also from patient populations with the present technology, it may soon enable 

forecasting behaviors and medical events. 

This work has been conducted and results have been discussed with the aim of 

neutral scientific objectivity. However, understanding the proven ability of the 

present technology to follow people’s behaviors like sleep schedule and alcohol 

intake, and see relationships between behaviors and conditions like poor sleep 

quality or lowered HRV, the results of this work also carry a responsibility with 

them. The responsibility can only rise if potential future solutions include detecting 

symptoms of medical conditions. For these reasons, the applied use of these 

influential tools needs to be secure so that they help people navigate their lives with 

their free will for their own benefit, rather than letting someone else try shifting 

human behaviors, or enforcing their employees or citizens. One of the lessons 

learned is the need for comprehensive ethical considerations concerning the 

application of the tooling that this work has helped bring to life.  

The current work started by utilizing wrist-worn motion sensor data in daily 

physical activity monitoring at a time when commercial solutions for general 

wellness purposes did not exist and wrist-worn actigraphy was practically used in 

sleep research only. Another breakthrough of this work was providing estimations 

of human cardiovascular recovery parameters using sensors embedded in a ring – 

an entirely new form-factor in the field. Through feasible measurements and 

ubiquitous computing algorithms, this work has contributed to the emerging 

acquisition of large data sets from wearable devices. Furthermore, with promising 

results regarding validity, the examples shown in this work provide an opportunity 

for population wide monitoring of health. 
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6 Conclusions 

This thesis aimed at developing and validating a new technology for the long-term 

assessment of personal health-related behavior, and illustrating its utility in big data 

collections. The objectives of this thesis have been met with the following main 

findings: 

1. The level and changes in human daily TEE can be estimated from hand 

movements, while personal body dimensions (BH, BM) and age are needed to 

individualize the model. In the case of static work and activities where hands 

do not move freely, training HR is a reasonable addition to the model. In this 

work, f_hand-based method was shown to be a reliable means for the 

assessment of TEE during an intensive training period with low standard error 

of estimate (6.3%). Among healthy men, the model embedded in a commercial 

device showed high agreement with corresponding two-week DLW-

measurement during moderately active life, and when participating in regular 

training.  

2. The pulse measurement built into a ring is an accurate and feasible tool for 

long-term recovery monitoring. Due to sensitivity to motion artefacts, the 

solution is best suitable for nocturnal rest. Close to perfect agreement (r2=0.996) 

was observed for nocturnal average HR estimated from finger PPG with a 

wellness ring, and corresponding values measured with medical grade ECG. A 

very high agreement (r2=0.980) between the ring estimation and ECG 

measurement of HRV parameter rMSSD was shown in healthy individuals. 

3. Wearable data show utility for big data analysis and extensive research use. 

The data have capacity to indicate new determinants of health-related behavior. 

This work displayed the ability of wearable technology to illustrate the impact 

of certain behaviors, societal and biological factors on sleep amount, sleep 

quality, nocturnal HR, and rMSSD in two big data analyses. Based on the 

learnings from this work, the challenges of the future use of the wearables in 

the health space were also discussed and potential solutions were proposed.  

The solutions developed in this work for daily activity and nightly recovery 

assessment are used in wearable products world-wide. Two big data studies 

displayed utility of the developed methodology from sensor signals, via 24-h 

behavior and nocturnal body response analysis, to a big data research tool. The data 

from 57,278 subjects provided a picture of human physiological response to 
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seasons and lifestyle factors. This thesis illustrates the usability of wearable 

technology for personal lifestyle management and as a research tool at scale. 
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