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A B S T R A C T

The impact of light on circadian rhythms, alertness, and well-being is widely recognized. Advancements in 
lighting research emphasize the importance of understanding these effects, mainly by measuring personal light 
dose, considering timing, intensity, duration, and spectrum. Therefore, new monitoring devices have been 
developed to measure individual light exposure and improve light dose analysis on circadian rhythms. Currently 
available devices include wearable sensors and low-cost, open-source, solutions that are adaptable and widely 
applicable. These wearables, when used alongside other measurement tools and standardized protocols, offer a 
comprehensive means to study light exposure in real-world conditions. However, despite the growing availability 
of these technologies, there is a lack of systematic evaluation regarding their accuracy, reliability, and appli
cability in both research and practical settings. This review explores recent developments in wearable technol
ogies for monitoring the non-visual effects of light on humans. Emphasizing the role of circadian rhythms, it 
discusses how light exposure influences alertness, mood, and overall health and well-being. A range of moni
toring devices is evaluated, highlighting variations in functionality and way of wearing, while identifying data 
reliability and standardization gaps. This review paper aims to emphasize the importance of integrating different 
measurement tools, combining environmental monitoring (e.g., light exposure), physiological assessments (e.g., 
heart rate, body temperature), and personal feedback (e.g., subjective reports on alertness and well-being). The 
review results highlight a more holistic approach to studying the impact of light on humans. Furthermore, it 
proposes future research directions and practical applications to enhance health outcomes through personalized 
light management strategies.

1. Introduction

The non-visual aspects of light, including its effects on circadian 

rhythms, alertness, and overall well-being, have gained increased 
attention in research and practical applications [1–7]. Daylight plays a 
pivotal role in synchronizing the circadian rhythms, which are essential 
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for regulating sleep-wake cycles, work performance, mood, and other 
physiological functions [6]. The importance of these non-visual effects is 
underscored by studies reporting that disruptions to circadian rhythms 
can lead to health issues such as sleep disorders, mood disturbances, and 
impaired cognitive function [8,9]. In addition, inappropriate timing in 
light exposures affects sleep quality [10] and contributes to adverse 
health outcomes, including increased risk of neurological disorders, 
metabolic dysregulation, and cardiovascular diseases [11,12]. Specific 
wavelengths and intensity, and spatial distribution of light, as well as 
duration and timing, influence the circadian system differently, 
emphasizing the need for precise monitoring of light exposures [13].

Monitoring devices have been developed to measure light exposure 
and analyze its non-visual effects [14–18]. These tools range from so
phisticated commercial tools to low-cost, open-source solutions that are 
easily adaptable and replicable across diverse settings [14–21]. Wear
able sensors, developed to track light exposure, have leveraged tech
nological advancements [14–18]. Low-cost, open-source approaches 
offer flexibility in design and application, making them especially 
valuable for research and practice [20,21]. Van Duijnhoven et al. [22,
23] analyzed the characteristics and usability of over 50 wearable light 
loggers through expert meetings and iterative discussions. Their findings 
highlighted the diversity in design, functionality, and availability of 
these devices. However, technical improvements and enhanced data 
reliability remain necessary.

Developing a framework for using devices to measure light exposure 
- while integrating the objective environmental data they provide with 
information from other instruments that monitor subjective individual 
parameters, physiological responses, and feedback from a human- 
centered perspective – is essential for ensuring consistent and reliable 
data collection, especially in the absence of widely accepted industry 
standards [20,22]. These innovations hold the potential to bridge cur
rent light and daylight management systems with human-centered 
controls that provide personalized solutions towards improved com
fort and health [24–26] while also reducing energy consumption and 
environmental impacts [27,28].

In practice, devices for measuring the non-visual effects of light are 
often used alongside wearable sensors that can simultaneously measure 
multiple physical and physiological parameters, or environmental 
monitoring systems, to provide a comprehensive analysis of light 
exposure. Data analysis in this field typically combines objective data (e. 
g., environmental light intensity and spectral distribution) with sub
jective data (e.g., individual physiological responses and user feedback), 
for a holistic understanding of how light influences non-visual path
ways. Studies have frequently investigated real-life contexts [2,5,11,17,
18,24–26,29–38], including healthcare settings [1,2,9,11,18] work
places [17,34], educational environments [8,17], and controlled labo
ratory conditions [16,39,40].

Given recent advancements in wearable and nearable devices (i.e., 
smart devices embedded with sensors and wireless communication ca
pabilities which are placed in the proximity of the users) capable of 
capturing individual light exposures, this review systematically analyzes 
the current frameworks and methodologies available for measuring the 
non-visual aspects of light. It evaluates their effectiveness, adaptability, 
and application across various contexts while identifying gaps in current 
knowledge and proposing directions for future research and develop
ment [41].

While van Duijnhoven et al. [22] provide a comprehensive matrix of 
monitoring devices for environmental parameters, there remains a 
critical need for a deeper analysis of wearable-based frameworks, i.e., a 
methodological or technical system that utilizes wearable devices to 
gather and interpret data, often in real time, for a specific application 
such as health or physiological monitoring, environmental sensing, and 
behavioral, performance or perception analysis [42–44], and the in
sights gained from their application. This review emphasizes opportu
nities to leverage wearable devices as monitoring systems for the 
non-visual effects of light in practical applications. Additionally, it 

explores how wearable devices can monitor light exposure, integrate 
physiological responses and human activities and feedback, and deepen 
the understanding of the effects of circadian exposures on overall health 
and well-being.

The review also discusses limitations and challenges associated with 
wearable technologies, particularly regarding accuracy and user 
compliance. It highlights recent advancements in sensor technology, 
including improvements in accuracy, miniaturization, and usability, 
which make wearable devices more practical and accessible for 
everyday use.

The following research questions have driven this review: 

• What is the context for the use of wearables to study non-visual ef
fects? What types of spaces and participants are primarily considered 
for measuring the non-visual aspects of light, and why?

• What are the main functionalities of tools for measuring the non- 
visual effects of light?

• How are these tools designed? Do they leverage low-cost, open- 
source approaches to support replicability, adaptability, and us
ability across diverse contexts?

• What additional devices are commonly used alongside these tools, 
and what types of data (objective or subjective) are primarily utilized 
in the analysis?

The systematic methodology for collecting relevant papers is 
detailed in Section 2. Section 3 provides an overview of the gathered 
articles. Section 4 organizes the results into three subsections: subSec
tion 4.1 reviews studies on the primary characteristics of wearables used 
to monitor environmental parameters that quantify the non-visual ef
fects of light on humans; subSection 4.2 discusses articles utilizing 
wearables to monitor physiological responses and human activities; and 
subSection 4.3 examines user feedback for assessing subjective percep
tions of health and well-being during testing. Section 5 focuses on the 
discussion, and Section 6 presents the main conclusions and recom
mendations for future research.

2. Methodology

The methodology used for collecting relevant papers involved three 
steps: 1) identifying the database for the query, 2) defining the query, 
and 3) identifying additional studies from other sources.

Elsevier’s Scopus search engine was selected from various available 
databases (e.g., PubMed, Web of Science, Google Scholar). Scopus in
cludes resources from the Institute for Scientific Information (ISI) and 
focuses on physical and social sciences articles indexed from 1966 on
wards [45]. This database is suitable for our research since we aim to 
examine the physiological and psychological effects of light on humans, 
including sleep-wake cycles, immune and metabolic functions [3], 
alertness, mood, and overall performance. This research topic has 
gained significant attention since the discovery of Intrinsically Photo
receptive Retinal Ganglion Cells (ipRGCs) in the human retina at the 
turn of the century [46,47].

Scopus offers flexible search capabilities, including both basic and 
advanced search functions. The advanced search allows for customized 
and specific queries using coding operators. A detailed search guide is 
available in [48]. The query was designed to align with the research goal 
outlined in the introduction. Fig. 1 shows its structure.

The TITLE-ABS-KEY field code shown in grey was used to ensure that 
only documents containing the selected words in the titles, the abstracts, 
and the keywords were collected. Specifically, the KEY field involves a 
combined search that includes the author’s assigned keywords (AUTH
KEY) and the controlled vocabulary terms (INDEXTERMS) assigned by 
Scopus’s professional indexers. While researchers may sometimes give 
limited attention to defining the AUTHKEY, keywords are crucial for 
communicating scientific results [49]. In this sense, the INDEXTERMS 
are added by Scopus professional indexers based on different 

F. Salamone et al.                                                                                                                                                                                                                              Building and Environment 284 (2025) 113482 

2 



vocabularies [50]. In rapidly evolving research fields, this approach can 
reveal a highly clustered set of new keywords [51].

The following sections characterize the query: 

• the first set of keywords (“monitoring OR wearable”, in red in Fig. 1) 
covers the monitoring activity;

• the second set of keywords (“light OR daylight” in orange in Fig. 1) is 
connected to the first set with the AND operator and identifies the 
monitored macro area of lighting-related aspects;

• the third set of words (““non image forming” OR “non visual” OR 
circadian OR health”, in green in Fig. 1), connected to the second set 
with the AND operator, considers the human-centric perspective 
related to this area of research;

• the fourth set of words (““built environment” OR light W/3 effect”, in 
blue in Fig. 1), connected to the third set with the AND operator, is 
related to the macro area of interest;

• the fifth set of words (in black in Fig. 1), connected to the previous 
four sets, identifies the type of documents to be excluded: 
“cr”=conference review.

The timeframe for publications was not specified in the query 

structure, which prevented a biasing in selection due to arbitrarily set 
year constraints. Similarly, no geographical location limits were applied. 
In June 2025, this configured query returned 263 papers. Following the 
identification criteria featured in the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) diagram, which is 
commonly used in review studies to ensure reproducibility and trans
parency of selection criteria [52], 27 additional studies were then 
included in the initial dataset, the co-authors have identified these 
studies through other sources. Fig. 2 illustrates the flow diagram of the 
review process, detailing how manuscripts were acquired and analyzed. 
As shown, the final number of papers (N = 23) resulted from two phases 
of the screening process, where duplicates were removed (only one in 
our case) in the first phase, following which, works that did not perfectly 
match the research topic were excluded based on their titles and the 
abstracts. Finally, the eligibility of the remaining papers was determined 
through full-text reading.

It is important to note that only one paper was considered duplicated 
after the initial identification phase, so the total number of papers 
considered in the screening was 250. To minimize the potential biases in 
the screening process and in eligibility assessment (since these decisions 
were primarily made by only one co-author) [53,54], all the co-authors 

Fig. 1. Scopus’ query structure consisting of 5 sections.

Fig. 2. PRISMA flow diagram (June 2025).
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performed a comprehensive data extraction and reached a consensus 
over discrepancies through discussion [54]. Of the 23 manuscripts that 
were finally selected, 78 % were indexed on Scopus, while 22 % were 
derived from other sources.

3. General overview of studies

To verify the effectiveness of the selection process as described 
above, an Explanatory Data Analysis (EDA) was performed using titles 
and abstracts of the selected documents. The text of each title and ab
stract was tokenized, and all punctuation marks, stop words, and words 
shorter than 3 letters in length were removed. A lemmatization process 
was then applied, converting words to their base forms. Unlike stem
ming, which simply removes the last few letters and can result in 
incorrect meaning (e.g., ‘caring’ becomes ‘car’), lemmatization con
siders context to convert words to their meaningful base forms (e.g., 
‘caring’ becomes ‘care’) [55,20].

Next, bigrams and trigrams were formed, representing two or three 
words that frequently occurred together in the selected text (e.g., real- 
time monitoring, laboratory conditions). Finally, the EDA was per
formed using the ‘wordcloud’ package for Python, displaying the 
importance of each word based on its frequency of occurrence with 
varying font sizes. Fig. 3 shows the 50 most frequent words in the titles 
and abstracts, demonstrating that the screening process and eligibility 
assessment were correctly performed and that the selected papers were 
consistent with the research aim.

Among the most frequent words are light, sleep, light exposure, ef
fect, lighting, circadian, spectral, exposure, and participant.

The Annual Growth Rate starting from 2009, i.e., the year of the first 
selected publication on this topic, was found to be 23.25 %. Fig. 4 shows 
the cumulative occurrences of articles published in the three most pre
dominant journals (of the 17 selected journals).

Among the 23 peer-reviewed scientific articles analyzed, Lighting 
Research and Technology stands out as the preferred journal, having the 
highest concentration of articles published on the considered topic.

4. Results

Within the studies reported in the selected papers, the participants’ 
ages range from 10 to 80 years. The number of participants is highly 
variable between studies (with a minimum of 3 subjects and a maximum 
of 4057), as shown in Fig. 5. In most cases, it is not specified how the 
sample size, defined as the number of participants tested, was deter
mined, or whether it meets the minimum requirements to validate the 
hypothesis (i.e. power analysis). Additionally, 33 % of studies lack a 

clearly defined hypothesis statement, though the research objectives are 
specified in all cases.

In roughly half the cases [2,8,11,17,18,31,32,34,35,39,56], the state 
of health of participants is not consistently detailed. In five cases [9,29,
36–38], participants are reported as healthy. In [24], out of 80 partici
pants, half were classified as myopic. In [25], 14 participants had 
Tourette’s Disorder, and 20 healthy participants served as a control 
group. In [26], all participants had Primary Biliary Cholangitis. In [57], 
half (17) of the participants were diagnosed with dementia, and the 
other half were caregivers living with patients. In [30], the authors 
noted that, while the health status was not fully defined, the 887 par
ticipants generally displayed good cognitive function. In [33], all 11 
participants were affected by dementia. In [58] the authors analyzed 
health-related data from Hispanic Community Health Study/Study of 
Latinos (HCHS/SOL), which included 2147 participants, and from the 
Multi-Ethnic Study of Atherosclerosis (MESA), which included 1910 
participants.

Fig. 5 also demonstrates the variation in evaluation period across 
studies, ranging from 1 hour (60 min) to over 6 weeks (62,400 min) per 
participant.

Fig. 5 reveals that, in most of the selected studies, the tests were 
conducted in real-life contexts, except for [39], which used a climatic 
chamber. In some cases, [2,11,25] and [26], even though the study was 
conducted in a real context, the participants were asked to wear special 
glasses or were given specific lighting conditions, which is the reason for 
the distinction between the first two legend entries (i.e., “real-life” and 
“real-life intervention”). Among the studies set in real-life environments, 
40 % did not clearly specify the testing environment, whereas in the 
remaining 60 %, the environment used for testing was well-defined. For 
instance, in [35], the bedroom served as the testing space because the 
study examined how the spectrum of light exposure affects sleep quality 
through non-visual pathways. The cross-sectional study was conducted 
from February to May 2022 in the greater Copenhagen area (Denmark), 
involving 96 students. Similarly, [25] used the bedroom to investigate 
circadian delays and sleep disturbances in adults (average age 30) with 
Tourette’s Disorder, and compared these to healthy controls (HC) as 
baseline while investigating whether short-wavelength wearable 
morning light therapy could advance the circadian phase and improve 
sleep and clinical symptoms. Hartmeyer et al. [56] involved 20 partic
ipants who were monitored over two workweeks (4–5 days/week), with 
at least 2160 min of light exposure data per person. The measurements 
were conducted in a real office environment in central London equipped 
with a daylight-responsive LED lighting system and a glazed façade that 
allows access to daylight.

Another specific home environment, the living room, was used in 

Fig. 3. Exploratory Analysis with wordcloud of the most used terms in the title and abstract of the selected papers.
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[57] to test whether adults (average age 66) with dementia and their 
caregivers could detect differences in chromaticity shift (CS) under two 
different lighting conditions. Van Lieshout-van Dal et al. [33] also used 
the home as the general environment to investigate the influence of a 
dynamic lighting system on individuals with dementia.

A hospital study [11] examined the effectiveness of morning light 
therapy combined with short-wavelength filter glasses at night on the 
sleep quality, timing, and mood of medical inpatients. Also, in a hospi
tal, [2] assessed the daytime spectral sensitivity in terms of alertness, 
performance, and waking EEG in healthy young adults (average age 24) 
exposed to different light wavelengths. In [9], the study used an 
ambulatory space, while [18] employed a hospital as the natural work 
environment for nurses to examine the differences in behavioral circa
dian entrainment and disruption between day-shift and rotating-shift 
nurses.

Additionally, case-specific environments were considered in some 
studies, e.g. [29,24,8,30] and [34]. In [29], a dormitory was used to 
explore the effects of natural daylight on sleep quality, alertness, mood, 
and fatigue. The studies [24] and [30] are the only two studies focused 
on both indoor and outdoor spaces. In [24], the authors investigated the 
effects of different types of light, particularly dim light, on myopia in 
children aged 10 to 15. In [30], light exposure timing of 
community-dwelling older men was studied to assess whether enhances 
sleep-wake consolidation. The study analyzed natural light exposure 
patterns and their associations with sleep-wake fragmentation, physical 
and mental health, and cognition, aiming to support non-invasive in
terventions, like light therapy, for healthy aging.

In [8], a classroom was used as part of an intervention study on the 
effects of a dynamic lighting system on high school students in Reykjavik 
(Iceland). The study investigated how these types of data can be 

Fig. 4. Cumulative annual Scientific production and Source Dynamics.

Fig. 5. Number of participants (also shown with a blue number on each bar), test time in minutes (also shown in brown on each marker point) and type of 
environment for the selected studies (color-coded in the bar).
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analyzed, what insights they provide into individuals’ spectral light 
exposure, and how they could be used to assess lighting interventions. 
Lastly, [34] evaluated, in an office environment, the effects of intense 
morning or afternoon light exposure on subjective sleepiness, vitality, 
mood, fatigue, sleep on office workers, and their light appraisals.

The study carried out by Wallace et al. [58] included 4057 adults 
from two large U.S. cohort studies (2147 from Hispanic Community 
Health Study/Study of Latinos (HCHS/SOL) and 1910 from Multi-Ethnic 
Study of Atherosclerosis (MESA)). The white light exposure (lux) and 
physical activity (triaxial movement) of each participant were contin
uously monitored using wrist-worn devices called Actiwatch Spectrum 
for six days, yielding approximately 8640 min (144 h) of light exposure 
data. The study took place in free-living conditions across eight diverse 
geographic regions, capturing both indoor and outdoor settings during 
participants’ daily routines.

In Appendix A, a comprehensive summary of the selected manu
scripts is provided. They are organized into three subsections, corre
sponding to distinct fields: environmental, physiological, and subjective 
monitoring, as detailed below. Each research study chosen covers at 
least two of these three fields of analysis, with each subsection encom
passing 81 % of the total selected studies.

4.1. Quantifying the impact of non-visual effects of light on humans 
through personal and environmental monitoring

This subsection provides a comprehensive overview of the hardware 
and software systems employed across the selected studies, focusing on 
their ability to monitor key parameters such as irradiance, spectral 
distribution, photopic illuminance, melanopic equivalent daylight illu
minance (mEDI) and circadian stimulus (CS/Cla) of personal light 
exposure.

The Actiwatch, available in different versions, was used in various 
studies: the Spectrum [59,60], used in [31,36,39] and [58], which is 
also available under the name “Spectrum+” or Spectrum Pro”, has a 
light sensor with a wavelength range of 400–700 nm and can measure 
the irradiance, photon flux, and photopic illuminance; the “2″ version, 
used in [24] and [30], is equipped with a light sensor that monitors 
wavelength in the range of 400–900 nm and can measure irradiance, 
photon flux, and photopic illuminance; the “L” [61] version, used in [17] 
and [31], is equipped with a sensor capable of monitoring wavelengths 
between 330–720 nm and is used to measure illuminance. In addition to 
the “L” version of the Actiwatch, a version called “RGB”, as mentioned in 
[17], is equipped with three photodiodes with dye-based red, green, and 
blue (RGB) filters. Wallace et al. [58], performed large-scale environ
mental monitoring using wrist-worn devices that recorded ambient light 
exposure across multiple geographic regions. The analysis revealed 
significant variation in light exposure patterns based on season, loca
tion, and demographics, indicating that many participants experienced 
insufficient bright light during the day and elevated exposure at night. 
The Actiwatch is capable of measuring a broad spectrum of light in
tensities, from very dim (scotopic) to bright daylight (photopic), making 
it useful for diverse lighting conditions. However, the Actiwatch 2 tends 
to underestimate actual light levels, which can affect measurement ac
curacy [62].

The Daysimeter, known for its high photometric accuracy, was 
another frequently used device. It demonstrated superior spatial sensi
tivity and a photopic response more closely aligned with the V(λ) 
function compared to the Actiwatch Spectrum [63]. Miller et al. in [18] 
used the Daysimeter to monitor circadian light-dark stimuli (CS/CLa), 
while Figueiro et al. in [36] used this device to compare its data quality 
against the Actiwatch Spectrum for measuring circadian light and ac
tivity. Similarly, Itzhacki et al. in [37] used Daysimeters to evaluate the 
effects of light intensity on subjective preferences by measuring multi
band spectral data and illuminance. The LYS sensors were employed in 
the studies of Van Lieshout-van Dal et al. [33] and of Khanie et al. [35] 
to assess daily light exposure. These sensors were worn near the eyes to 

investigate their effects on individuals with dementia [33] and on stu
dents’ sleep quality [35], respectively. The lightweight LYS button 
seems to require device-specific calibration due to variability in light 
measurement accuracy. It is also sensitive to orientation, with rotation 
affecting results. However, its measurement error is smaller at lower 
light levels, as shown in comparisons with the reference-calibrated 
sensor [64].

Hartmeyer et al. [56], used wearable light-dosimeters (AS7265x 
spectral sensors from AMS) to quantify personal light exposure in an 
office setting and to assess how a daylight-responsive lighting system 
influenced non-visual light input at eye level. The results highlighted 
that actual exposure depended not only on the lighting design but also 
on individual behaviors, workstation location, and proximity to win
dows, underscoring the importance of real-world measurements for 
evaluating non-visual effects. In addition to commercial systems, new 
prototypes have been developed to characterize the quality and quantity 
of light in environments. Stampfli et al. [9] developed a light dosimeter 
(Lido) to take automatic measurements at pre-set intervals near a per
son’s face. The available hardware photosensors were calibrated to 
approximate the s/m/l cone-opic, rhodopic, and melanopic spectral 
sensitivity curves, and a software suite was developed for the evalua
tions. Lido includes custom mountings and software for data analysis, 
but is reportedly unreliable below 5 lx, which limits its use in the eve
ning [9]. Hartmeyer et al. [8] used the Spectrace dosimeter prototype, 
which has 14 spectral channels in the visible range, to register different 
types of light spectra that high-school students were exposed to in 
classrooms. Smartphone and smartwatch sensors, including ambient 
light and noise monitors, were utilized in the study of Gabinet and 
Portnov [32] to explore the effects of artificial light and noise on sleep. 
Additionally, Peeters et al. [34] used a brooch with a light logger, and 
Cain et al. [38] studied the impact of home lighting on sleep and 
circadian cycles, using a wearable device with a mini-spectrometer, 
SPECCY [15], to monitor light exposure. Sloane et al. [57] used a 
circadian light meter to assess incident circadian stimulus in an inter
vention study, with Actiwatch-L worn on participants’ wrists to track 
sleep and circadian rhythms.

Overall, these studies highlight the diversity of devices and ap
proaches used to comprehensively monitor environmental lighting and 
its impact on human health and behavior. Table B.1 in Appendix B
provides a detailed overview of the devices used for environmental and 
personal dose monitoring, including their placement, validation status, 
form factor and size, associated software and the main stimulus vari
ables [65] monitored along with information on their measurement 
accuracy. This evaluation highlights the diversity in design and func
tionality, as well as the varying levels of accuracy and standardization 
across the monitoring tools.

As highlighted in Table B.1, although wearable devices are widely 
used in the current literature for field testing, detailed information 
regarding their measurement accuracy is often unavailable. This high
lights the urgent need to establish a standardized calibration protocol 
before deploying such instruments in field studies.

All hardware used for environmental and personal dose monitoring 
is commercially available or has been developed for research purposes 
without an open-source license.

4.2. Physiological and human activities monitoring to assess the non- 
visual effects of light

The studies monitored various physiological parameters and human 
activities using wearable devices, which can be grouped by the devices 
employed:

The Actiwatch series was widely used to measure activity and sleep 
patterns. For instance, the Actiwatch-L was used in the study of Thorne 
et al. [17] along with the “RGB” version to track activity and light 
exposure simultaneously, while the study of Sloane et al. [57] used 
Actiwatch-L to evaluate sleep latency, duration, and efficiency. The 
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Philips Actigraph family also includes the Actiwatch 2 used in the study 
of Lok et al. [30] and Landis [24], while the Actiwatch Spectrum, also 
known as the Actiwatch Spectrum Pro or Plus, was included in 5 of the 
selected studies [25,31,34,38], and [58]. Ricketts et al. [25] used the 
wearable device in combination with the company’s proprietary soft
ware, Actiware version 6.0.9, to determine sleep efficiency (total sleep 
time divided by time in bed multiplied by 100), among other measures. 
During the test, saliva samples were also collected at 30-minute intervals 
to determine dim light melatonin-onset (DLMO), which is “the single 
most accurate marker for assessing the circadian pacemaker” [66]. The 
main problem reported with determining DLMO from saliva samples 
was that each sample had to be stored in ice at − 20 ◦C during the testing 
phase and then sent for batch analysis by radioimmunoassay analysis of 
melatonin concentration [25]. A similar approach was also used in the 
studies of Cain et al. [38] and Huang et al. [31] with a strict sleep-wake 
schedule monitoring with the Actiwatch Spectrum and assessing sali
vary melatonin levels with hourly samples [38] or 30-minute samples 
[31].Wallace et al. [58], used the Actiwatch Spectrum as a wrist-worn 
device to continuously measure ambient white light exposure (in lux) 
and activity levels over a period of six consecutive days. Participants 
wore the device on the wrist, with the sensor facing upward in the same 
plane as the back of the hand. Light data were collected in 30-second 
epochs, allowing for detailed tracking of light exposure patterns 
throughout the day and night. They demonstrated the value of wearable 
light dosimetry combined with activity tracking to assess how 
real-world office lighting conditions influence individual light exposure 
patterns relevant to circadian regulation and sleep-wake behavior. 
Peeters et al. [34] used the Actiwatch Spectrum as an objective measure 
of sleep and wake time along with other sensors used for environmental 
assessment, as detailed in Section 4.1 and Table B.1 (Appendix B).

The Daysimeter, a versatile tool for circadian studies, developed for 
the first time in 2005 with a series of upgrades and described in section 
3.1 [20], was also considered in the study of Itzhacki et al. [37] and 
Miller et al. [18]. The Daysimeter allows the measurement of rest/ac
tivity patterns through three orthogonally oriented solid-state 
accelerometers.

Hartmeyer et al. [56] used the wearable light dosimeter Spectrace 
prototype to measure personal light exposure at the chest level, posi
tioned on the outer layer of clothing and worn continuously during 
waking hours across two workweeks. Participants were asked to main
tain the same desk location throughout the study, and the device was 
worn while they carried out their normal office routines. The results 
showed that large-scale monitoring of light exposure and physical ac
tivity using wrist-worn devices enables the identification of 
population-level patterns associated with non-visual effects of light, 
such as disrupted circadian rhythms and insufficient daytime light 
exposure.

Jawbone is another type of wearable used in the studies selected. In 
the study by Dong and Zhang [29] the Jawbone UP3 was used to 
quantify bedtime, deep sleep time, rapid-eye-movement sleep time, and 
sleep onset time. The Jawbone UP3 also has three heart rate monitoring 
sensors that record data during active and resting periods, but these data 
were not included in this study. A Jawbone wearable was also consid
ered in the study of Formentin et al. [11], the UP24 model, which is the 
predecessor of the UP3. It was used to identify sleep/wake activity by 
recording movements with an accelerometer.

Other devices include the SOMNO watch wearable, an FDA- 
approved device for measuring sleep parameters, used in the study of 
Turco et al. [26] for sleep/wake detection, or more generally, activity 
data. Sleep/wake detection was also considered in the study of Hart
meyer et al. [8], with the Spectrace, and in [35] where a FitBit actiwatch 
was used to track sleep quality along with an iButton to determine the 
temperature of the skin (Tskin). In this rather uniform context, two 
contributions [2] and [9] stand out due to the use of different sensors. 
Rahman et al. [2] used a Temec Vitaport-3 digital recorder to measure 
EEG, electrooculogram (EOG), and a two-lead electrocardiogram (ECG). 

Stampfli [9] used a Pupil Core eye tracker [67].
Table B.2 in Appendix B summarizes the hardware and software used 

and the parameters considered. Fig. 6 displays the above-mentioned 
hardware. Considering that different versions of Spectrace were devel
oped, but no details on which version was used in [8] were reported, we 
decided to exclude this device from the figure below.

All hardware used to monitor physiological and human activity is 
commercially available or has been developed for research purposes 
without an open-source license.

4.3. Subjective assessment of health and well-being

This section presents selected studies that have investigated the po
tential relation between light and its possible influence on mood, 
alertness, and overall well-being. To study this relationship, it is essen
tial to acquire user feedback and subjective perception. The selected 
studies are grouped based on the specific scales used.

The Karolinska Sleepiness Scale (KSS) [68] was used in studies by 
Dong and Zhang [29], Peeters et al. [34], Formentin et al. [11], and 
Rahman et al. [2] to assess levels of sleepiness. The KSS categorizes 
sleepiness into ten levels, ranging from "extremely alert" to "extremely 
sleepy", and was frequently combined with other subjective measures, 
such as alertness, mood, and vitality.

The Pittsburgh Sleep Quality Index (PSQI) [69], used in studies by 
Sloane et al. [57], Turco et al. [26], Ricketts et al. [25]., Formentin et al. 
[11], Thorne et al. [17], Gabinet and Portnov [32] and Cain et al. [38], 
provided a comprehensive assessment of sleep quality and disturbances. 
This index includes several subscales that evaluate areas such as sleep 
latency, duration, and efficiency, offering a detailed picture of partici
pants’ sleep patterns. The Epworth Sleepiness Scale (ESS) [70] was 
utilized in studies by Sloane et al. [57], Ricketts et al. [25], and Cain 
et al. [38], to measure daytime sleepiness. This scale uses a 4-point range 
to gauge levels of sleepiness, complementing the sleep quality assess
ments provided by the PSQI.

A daily sleep diary was used by Hartmeyer et al. [56], to collect 
subjective sleep parameters. The diary collected information on 
bedtime, preparation time and wake-up times, sleep latency, awaken
ings during sleep, total Wake After Sleep Onset (WASO) duration, and a 
5-point scale for sleep quality and recovery feelings. Time in bed was 
calculated as the duration from bedtime to getting out of bed. In 
contrast, total sleep time was computed by subtracting total WASO 
duration and sleep latency from sleep onset to wake onset. Participants 
completed the survey upon waking using the MyCap application [71].

Turco et al. [26], Cain et al. [38], Thorne et al. [17] and Formentin 
et al. [11] used the Horne-Östberg Chronotype Questionnaire (HÖ) [72], 
also known as “Morningness-Eveningness questionnaire” [73], to 
determine participants’ chronotypes, classifying them as morning or 
evening types. This information proved valuable in research exploring 
the relationship between light exposure and circadian alignment.

Mood was assessed using both Visual Analog Scales (VAS) and Likert 
Scales, have been employed in several studies. VAS, used in studies by 
Formentin et al. [11] and Itzhacki et al. [37], helped assess mood states 
and preferences. For instance, a study [37] used VAS to measure "liking" 
and "wanting" responses, with endpoints ranging from 0 (not at all) to 
100 (very much). Instead, 5-point, 7-point, and 9-point Likert scales 
were used by Dong and Zhang [29], Peeters et al. [34], and Krüger et al. 
[39], to evaluate mood, vitality, and light appraisals.

Health and Functioning Scales have also been utilized. For example, 
the 36-item Short Form Health Survey (SF-36) [74], employed in the 
study by Turco et al. [26], provided an evaluation of health-related 
quality of life. Other studies, such as those by Lok et al. [30] and 
Sloane et al. [57], used additional scales like the Physical Activity Scale 
for the Elderly (PASE) [75], Geriatric Depression Scale (GDS) [76], and 
Quality of Life in Alzheimer’s Disease (QoL-AD) [77] to assess various 
health-related parameters.

Other Sleep and Mood Scales included the Insomnia Severity Index 
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(ISI) [78], which was used in the study by Cain et al. [38] to assess 
insomnia severity using a 5-point categorical scale. Additionally, Rick
etts et al. [25]. employed the Yale Global Tic Severity Scale (YGTSS) 
[79] to examine the effects of light therapy on tic severity and associated 
sleep issues.

Cognitive assessment was also incorporated in several studies; for 
instance, the Mini-Mental State Examination (MMSE) was considered by 
van Lieshout-van Dal et al. in [33] and by Figueiro et al. in [36], while 
the Baddeley Reasoning Test was employed in a study by Khanie et al. 
[35].

Finally, Experience Sampling Methods were used in the study by 
Itzhacki [37] to track mood and emotional states in real-time. Partici
pants provided mood reports at quasi-random intervals throughout the 
day, using VAS, with endpoints of 0 (not) and 100 (very much), to 
capture fluctuations in mood.

Table B.3 in Appendix B summarizes all scales used in the selected 
studies for acquiring users’ feedback and the associated subjective 
parameters.

5. Discussion

The current review allows us to answer the main questions presented 
in the introduction and to introduce the following key points of 
discussion:

5.1. User considerations: contextual use and participant-centered design 
for future research direction

In investigating the non-visual effects of light, prior research has 
primarily focused on various real-life contexts and employed diverse 
participant groups to assess outcomes related to circadian rhythm, 
mood, alertness, and health conditions. The spaces studied include 
personal spaces like bedrooms, where studies examine how light expo
sure affects sleep quality and circadian delays (e.g., for those with 
Tourette’s Disorder), and common living areas, such as the living room, 
where responses to changes in light chromaticity by participants with 
dementia and their caregivers were evaluated. In hospital and medical 
settings, light exposure’s impact on patient sleep, alertness, and mood is 
often studied, reflecting the relevance of light’s non-visual effects on 
health and well-being in clinical care.

Participants in these studies range widely in age, health conditions, 
and sample size. Studies include individuals with specific health 

conditions, such as dementia, Tourette’s Disorder, and Primary Biliary 
Cholangitis, alongside healthy participants or control groups, to eval
uate how light may alleviate symptoms or improve life quality in diverse 
groups. Additionally, specific workspaces like classrooms and offices 
were selected to measure light’s impact on students and office workers’ 
alertness, mood, and fatigue. Studies in classrooms, for instance, 
assessed how dynamic lighting interventions could support learning and 
well-being among students, while office studies have focused on how 
morning or afternoon light exposure influences workplace mood and 
vitality.

This broad investigation across diverse settings and participants 
emphasizes the non-visual impact of light on sleep, mood, and alertness, 
showing its potential therapeutic and functional benefits across different 
demographics and environmental contexts.

Focusing on blue-enriched light for cognitive stimulation [80,81] 
and yellow-enriched light for sleep promotion [80,82], future research 
could explore the non-visual effects of light in populations with specific 
sensitivities or heightened responsiveness to lighting conditions. For 
example, young children are especially responsive to visual stimuli; 
bright colors and dynamic lighting can strongly influence their behavior 
and mood. This responsiveness underscores the importance of under
standing how quality of light exposure is developmentally appropriate 
and supportive of their cognitive and emotional needs. Similarly, in
dividuals with Autism Spectrum Disorder (ASD), Attention Deficit Hy
peractivity Disorder (ADHD), or Sensory Processing Disorder (SPD) may 
have heightened sensitivity to certain light types and intensities, which 
can affect their comfort and behavior [83]. Other populations, such as 
those with migraines, epilepsy, anxiety disorders, or older adults expe
riencing visual or cognitive changes, may also benefit from 
wearable-driven studies on non-visual light effects. Wearable devices 
offer a promising avenue for investigating how light affects these diverse 
groups in real-world settings. Including control groups in such studies, 
as observed in some of the work reviewed here, can strengthen internal 
validity by enabling more accurate comparisons between experimental 
and baseline conditions.

This review highlights that wearables facilitate research in real-life 
settings by allowing participants to move freely while being moni
tored over extended periods. This method is particularly beneficial when 
occupant feedback is required, as it reduces certain biases. For instance, 
participants might alter their behavior or responses if they know re
searchers or technicians are observing them, a phenomenon known as 
the Hawthorne effect [84]. Although this effect has not been extensively 

Fig. 6. Exemplary selection of the hardware used for physiological and human activities monitoring.
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studied in building physics, it could have a “disruptive influence” [85] 
on responses in living labs or climate chambers. Therefore, despite the 
limited variable control in real-life contexts, using wearables to keep 
participants in their natural environments without direct researcher 
involvement may help minimize this bias. Additionally, the increasing 
use of wearable light loggers in free-living conditions has enabled 
personalized data collection in everyday environments, offering new 
opportunities to improve health outcomes by tailoring lighting to indi
vidual circadian needs. Capturing light exposure outside the lab is 
essential for understanding the non-visual effects of light from an overall 
perspective. This real-time monitoring of light exposure is crucial for 
capturing inter-daily variations in light exposure and for developing 
integrative lighting systems [86] that can enhance comfort, productiv
ity, and overall health and well-being.

5.2. Standardization challenges: framework validation, data 
comparability and experimental limitations

Across the various studies, wearables have been reported to play a 
crucial role in collecting objective data (such as light intensity, move
ment, and physiological responses) to achieve insights into the effects of 
light on human health. While several studies have integrated subjective 
measures of well-being (e.g., through sleep diaries or mood scales), the 
connection between objective light exposure data and subjective expe
rience remains underexplored. Future research should focus on more 
integrated approaches that link objective data with user-reported out
comes, ensuring that findings reflect the complex interplay between 
environmental light exposure and human health [42,43], and enabling 
analysis through machine learning methods [44].

In this sense, in the selected studies, subjective data were mainly 
collected through questionnaires and standardized scales, like the 
Pittsburgh Sleep Quality Index and the Epworth Sleepiness Scale. No 
particular attention was given to how to avoid recall bias [87] which is 
one of the challenges that the Ecological Momentary Assessment (EMA) 
[88], a set of methods and design principles for the collection of data 
closer to real-time in participants’ natural real-world environments, was 
designed to address. The use of wearables and specific app (e.g. Cozie 
app [89] or MyCap application [71] as used by Hartmeyer et al. [56]) 
could help to perform the EMA and mitigate the bias effect. This can also 
allow digital data to be acquired for large-scale implementation in a 
smarter way than by transcribing feedback on data written with a pencil 
on a piece of paper or diary. Following this approach, the length of the 
rating scales could also be revised, introducing scales with a maximum 
of 5 points for ease of choice of response on a wearable device, smaller 
than, for example, the 9-point Karolinska Sleepiness Scale. Furthermore, 
when using wearables, it is more than desirable to include user satis
faction with the devices, using simplified versions of established in
struments [5] such as the Wearable Acceptability Range (WEAR) Scale 
[90] or the System Usability Scale (SUS) [91], thus allowing the 
perceived impact, comfort, and user acceptability of wearables to be 
considered. Despite some standardized guidelines are available [65,92,
93], another challenge is the lack of standardization across studies [94], 
which makes it very difficult to generalize findings or compare results 
from different research contexts. There is a need for standardizing the 
protocols for measuring light exposure, since research teams in this field 
come from diverse disciplines. In this case, the use of a specifically 
developed checklist [95] or templates [96] should be considered, as they 
can help ensure that all necessary details are included in reports. 
Additionally, significant variations in measurements can occur 
depending on sensor placement, such as the wrist, chest, or eye, as 
highlighted in the selected studies (Section 4.1 and Table B.1 in Ap
pendix B). Different positions of the sensor capture light exposure 
differently due to variations in orientation, shading, and environmental 
interactions [97]. For example, wrist- or chest-mounted devices may 
overestimate light exposure during tasks if compared with the eye-level 
position [97]. Eye-level sensors seem to underestimate light intensity 

measurement but, on the other hand, most accurately reflect the light 
entering the visual field and impacting non-visual photoreceptors, 
which are critical for circadian regulation. These positional and envi
ronmental discrepancies make it challenging to directly compare results 
from different wearable devices, as they may measure distinct aspects of 
light exposure. In addition, the design of wearable light loggers must 
strike a balance between measurement accuracy and user comfort and 
usability [98]. Without standardized protocols and metrics, studies risk 
producing inconsistent or incomparable data, limiting the reliability of 
conclusions and hindering the development of universally applicable 
guidelines. Therefore, establishing standards for sensor placement, 
environmental details, and data interpretation is essential to ensure 
consistency, accuracy, and meaningful comparisons in light exposure 
research. In this context, while incorporating a pupil-core eye tracker 
can provide valuable information about the effective light entering the 
eye and triggering non-visual photoreceptor responses, especially 
considering that pupil diameter tends to be more stable under high 
irradiance conditions [9] making accurate eye tracking particularly 
important in low-light environments (typically in the evening), its use 
may be limited to controlled settings such as offices. In more challenging 
environments like hospitals or intensive care units, where patients may 
have their eyes closed and staff face demanding workflows, adding such 
devices may not be feasible. Most attention should also be paid to 
reporting statistical parameters, such as statistical power and effect size. 
Notably, only a few papers provide information on effect size, as detailed 
in Table B.3. Standardized procedures for reporting statistical parame
ters would significantly improve the assessment of the statistical rigor of 
research findings and enhance comparability among studies. As evi
denced by Section 4.2, some wearables used for monitoring physiolog
ical parameters and/or human activities were commercially 
ready-to-use devices. While certified medical devices are preferable 
because their use can streamline approval by recognized Institutional 
Review Boards (IRBs), which is crucial for extensive trials involving 
human participants (it must be noted that the Medical Devices Directive 
MDD 93/42/EEC has been replaced by the Medical Device Regulation 
MDR 2017/745). However, certain commercial instruments not certi
fied as medical devices have also been used in some studies, raising 
concerns about their ability to accurately quantify and classify sleep 
[99]. Such limitations may affect the reliability and validity of the 
findings.

This review also highlights a significant gap: the limited use of open- 
source tools, as most identified devices are proprietary, restricting re
searchers’ ability to modify them to meet specific experimental re
quirements or integrate them with other open platforms. Making these 
technologies more accessible, customizable, and adaptable to diverse 
research environments could greatly enhance studies on the non-visual 
effects of light. Open-source frameworks would foster greater collabo
ration among researchers, promoting the sharing of designs, method
ologies, and data. This collaborative approach would also allow 
communities to continuously improve device functionality by refining 
wearables based on shared knowledge. The open-source approach 
would allow researchers to create a common framework for light 
exposure monitoring, ensuring consistency and comparability across 
studies. This would be particularly beneficial for studies conducted in 
different geographic or socio-economic contexts where access to pro
prietary technology might be limited. While the potential of open-source 
solutions is vast, it is necessary to ensure that these devices meet high 
standards of accuracy and reliability, and in this case, the collaboration 
between academic institutions and technology developers could bridge 
this gap by refining and validating these tools.

In the project MELIDOS [100,101], it is indicated that some light 
loggers may consider "low-cost" and "Do It Yourself" (DIY) options. 
Guidolin’s study [102] emphasizes the use of wearable light loggers that 
can be employed in real-world settings, which suggests that there may 
be opportunities for low-cost implementations. The study highlights the 
importance of capturing personal light exposure in free-living 
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conditions, which can potentially be achieved with simpler and more 
accessible devices [102]. The focus on wrist-worn light loggers implies 
that these devices can be designed or adapted using readily available 
materials, making them suitable for DIY projects. Furthermore, the 
study’s intention to include a diverse demographic indicates that such 
loggers could be made affordable to ensure broad participation [102]. 
Stefani’s work [103] also provides insights into the usability and 
acceptance of wearable light loggers. The evaluation of user compliance 
with the Lido light dosimeter indicates that, while there are challenges 
associated with existing devices, the high compliance rate suggests that 
simpler, more user-friendly designs could be developed [103]. This 
opens the door for DIY solutions that prioritize comfort and ease of use, 
potentially allowing individuals to create their own light loggers using 
basic components [103]. Moreover, the findings from Stefani’s research 
indicate that the accuracy of wrist-worn devices can be affected by their 
placement and obstructions, suggesting that DIY loggers could be 
designed with these factors in mind to enhance performance [103]. By 
focusing on user-centered design, individuals could create low-cost light 
loggers that are tailored to their specific needs and environments. In 
conclusion, the discussions surrounding wearable devices imply that 
there is potential for developing such solutions. The emphasis on us
ability, compliance, and the need for real-world applications supports 
the idea that accessible, affordable, light logging devices can be created 
by individuals or small groups interested in monitoring their light 
exposure.

Another important issue that deserves a mention is that while in 
controlled environments (such as living labs or climatic chambers), it is 
possible to regulate all environmental variables, in real-life research 
studies, facilitated by the use of wearables, these variables cannot be 
fully controlled, even though it is well established that the environment 
as a whole significantly influences how we feel and behave [104]. As 
highlighted in Section 4.3, various scales were employed to gather user 
feedback on mood, emotional state, and physical and mental health 
satisfaction. However, it is evident that one cannot depend solely on the 
monitoring and subsequent analysis of data regarding the visual and 
non-visual effects of light, as in the cases examined. Thus, while the 
effects of individual environmental characteristics referring to the four 
main psychophysical domains (visual, thermal, acoustics, and air qual
ity) are well understood, their combined effects remain ambiguous due 
to the complex, non-linear interactions involved in processing sensory 
cues [104]. Additionally, the inability to control environmental vari
ables in real-world contexts further complicates the analysis. These 
limitations emphasize the critical need for multi-environmental wear
ables monitoring systems capable of capturing and analyzing the dy
namic interplay of environmental factors. Such systems are essential for 
advancing our understanding and guiding the development of effective 
environmental design strategies in real-life applications to improve 
health and well-being.

5.3. Real-World and clinical integration of wearable monitoring: 
opportunities and strengths

The application of wearable light and physiological monitoring ex
tends beyond academic research and holds promising potential for 
integration into clinical and real-world environments. In clinical set
tings, wearable technologies can facilitate continuous, non-invasive 
monitoring of patients, providing valuable real-time data on light 
exposure, sleep-wake cycles, and mood-related indicators. This inte
gration can be especially beneficial for managing conditions influenced 
by circadian rhythms, such as sleep disorders, depression, bipolar dis
order, and neurodegenerative diseases like Alzheimer’s. For instance, 
personalized light exposure recommendations derived from wearable 
data could support therapeutic interventions, including light therapy or 
sleep hygiene strategies, and help clinicians make data-driven adjust
ments to treatment plans. In psychiatric or geriatric care, where patients 
may be unable to communicate their experiences clearly, wearable 

monitoring can serve as an objective complement to caregiver reports, 
providing insights into behavioral patterns, episodes of agitation, or 
responses to environmental stimuli. In this context, combining light 
logging with motion or heart rate tracking could create a comprehensive 
profile of a patient’s physiological and environmental interaction, which 
is essential for diagnosing and managing complex conditions.

Outside clinical environments, wearable monitoring offers scalable 
opportunities for public health, occupational health, and educational 
settings. For example, schools and workplaces could adopt wearable 
devices to assess how lighting conditions impact alertness, performance, 
and well-being throughout the day. Real-time feedback from wearables 
can interact with adaptive lighting systems to adjust illumination based 
on the time of day or user status, thereby optimizing comfort and pro
ductivity. Similarly, in elder care facilities or assisted living environ
ments, continuous light exposure monitoring could help align artificial 
lighting with residents’ circadian rhythms, promoting better sleep and 
mood regulation.

Integration into real-world settings also demands user-friendly and 
cost-effective solutions. Devices must be unobtrusive, comfortable, and 
intuitive, especially for populations with limited digital literacy or 
mobility impairments. In this regard, user-centered design, as discussed 
earlier, is vital to ensure acceptability and long-term compliance. 
Moreover, ensuring interoperability with electronic health records 
(EHRs) or mobile health applications can further enhance the utility of 
wearable data, allowing clinicians or caregivers to track trends, set alerts 
for deviations, and provide proactive interventions.

Nonetheless, ethical and privacy concerns must be addressed, espe
cially when wearable devices are used in continuous monitoring. Clear 
consent protocols, data anonymization, and secure data management 
frameworks must be implemented to maintain trust and protect sensitive 
personal information.

Effectively, the integration of wearable light monitoring into clinical 
and everyday settings can lead to a systemic shift – from occasional and 
periodic self-reports, to continuous, real-world, and personalized data – 
enabling a more effective prevention, tailored treatments, and enhanced 
quality of life across diverse populations.

5.4. Long-Term data reliability and consistency in wearable monitoring

As wearable monitoring becomes more common in research and 
practice, ensuring long-term data reliability is increasingly important. 
While short-term studies often show high compliance and accurate 
measurements, extended use introduces challenges that can compromise 
data quality (such as device wearability, sensor drift, and user fatigue). 
Sensors exposed to everyday environmental conditions may lose cali
bration over time, leading to gradual shifts in measurement accuracy. 
Without regular checks or reference validation, these small errors can 
accumulate and distort results, especially in studies that track subtle 
health or behavioral changes over weeks or months. User compliance 
also tends to decline over time, particularly if the device is uncomfort
able, unattractive, or interferes with daily life. People may remove it or 
forget to wear it, creating gaps in the data. Engagement strategies, like 
reminders or showing users their own progress, can help maintain 
motivation, especially in clinical or older populations where additional 
support may be necessary. To safeguard data quality, it is useful to build 
in validation tools, such as comparing light exposure to movement data, 
using backup sensors, or applying algorithms that detect suspicious 
patterns like extended periods of inactivity. These approaches can flag 
and correct for missing or unreliable data. Finally, ethical considerations 
become even more critical with prolonged monitoring. The longer data 
is collected, the more sensitive it becomes, especially when it involves 
location tracking or physiological metrics. Robust privacy measures are 
crucial for maintaining participant trust and protecting personal infor
mation. Therefore, an effective long-term use of wearables depends not 
only on the technology, but also on its thoughtful design, user support, 
and careful data handling throughout the study.
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6. Conclusions

In conclusion, our systematic review has yielded the following 
findings: 

• Prior research has investigated the non-visual effects of light in 
various real-life contexts, such as assessing impacts on circadian 
rhythm, mood, alertness, and health conditions.

• Studies have been conducted in personal spaces (e.g., bedrooms), 
common living areas (e.g., living rooms), and medical settings, 
highlighting the relevance of light’s effects on health and well-being. 
Studies in classrooms and offices have examined how light influences 
alertness, mood, and fatigue, particularly through dynamic lighting 
interventions.

• The studies have involved a wide range of participants, from those 
with specific health conditions (e.g., dementia, Tourette’s Disorder) 
to healthy controls, while evaluating the potential therapeutic ben
efits of light.

• Wearable technologies facilitate real-life data collection, helping 
minimize biases (e.g., the Hawthorne effect) and allowing for 
personalized light exposure monitoring. However, variability in light 
exposure measurements due to sensor placement complicates com
parisons across studies, underscoring the need for standardized 
protocols. Furthermore, the absence of open-source tools restricts 
research adaptability: the necessity of developing low-cost, user- 
friendly light loggers has been highlighted, promoting accessibility 
for diverse demographics.

• There is a need to integrate better objective light exposure data with 
subjective user reports to enhance understanding of light’s effects on 
health and well-being.

• Concerns exist regarding the accuracy of non-medical wearables in 
measuring physiological responses and/or human activity, suggest
ing a preference for certified medical devices in research.

• Real-life studies face challenges in controlling environmental vari
ables, emphasizing the need for multi-environmental monitoring 
systems to analyze the interactions of sensory cues effectively. Un
derstanding the interplay of environmental factors through 
advanced monitoring systems is crucial for creating effective stra
tegies to improve health and well-being in real-world applications.
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Appendix A

Table A.1 
summary of selected studies (The main subsections each study covers are marked with the symbol “•” in the last three columns).

Reference Authors Title Study objective Key findings Section 
4.1

Section 
4.2

Section 
4.3

[2] S.A. Rahman, E.E. Flynn- 
Evans, D. Aeschbach, G.C. 
Brainard, C.A. Czeisler, S.W. 
Lockley

Diurnal spectral 
sensitivity of the acute 
alerting effects of light

To assess the effects of blue 
and green monochromatic 
light on alertness and 
performance

Blue and green light exposure 
affected alertness, with 
controlled environmental 
conditions critical for data 
reliability

​ • •

[8] B. Baldursdottir, G. 
Agustsson, I. Gudjonsson, M. 
Andersen, H. Valdimarsdottir, 
S. Hartmeyer

Insights into spectrally 
resolved light-dosimetry 
data

To assess the impact of a 
dynamic lighting system in 
classrooms on high school 
students

Light dosimetry differentiated 
light diets, with dynamic bright 
lighting influencing melanopic 
metrics more than static 
subdued lighting

• • ​

[9] J.R. Stampfli, B. Schrader, C. 
di Battista, R. Häfliger, O. 
Schälli, G. Wichmann, C. 
Zumbühl, P. Blattner, C. 
Cajochen, R. Lazar, M. 
Spitschan

The Light-Dosimeter: A 
new device to help 
advance research on the 
nonvisual responses to 
light

To develop a light dosimeter 
to measure light exposure and 
its impact on pupil diameter

Pupil diameter was more stable 
at high irradiance and fluctuated 
significantly at low irradiance

• • ​

[11] C. Formentin, S. Carraro, M. 
Turco, L. Zarantonello, P. 
Angeli, S. Montagnese

Effect of Morning Light 
Glasses and Night Short- 
Wavelength Filter Glasses 
on Sleep-Wake 
Rhythmicity in Medical 
Inpatients

To investigate the effects of 
blue-enriched and filtered 
glasses on alertness and sleep

Blue-enriched and blue-filtered 
glasses influenced alertness and 
evening relaxation, respectively

​ • •

[17] H.C. Thorne, K.H. Jones, S.P. 
Peters, S.N. Archer, D.J. Dijk

Daily and seasonal 
variation in the spectral 
composition of light 
exposure in humans

Investigating how light’s 
spectral composition affects 
circadian rhythms

Seasonal and daily light 
variations affect circadian 
rhythms. Blue light therapy may 
benefit mood and sleep in low- 
light seasons

• • •

[18] D. Miller, A. Bierman, M.G. 
Figueiro, E.S. Schernhammer, 
M.S. Rea

Ecological measurements 
of light exposure, activity 
and circadian disruption

Evaluating circadian lighting 
exposure in nurses with 
varying work schedules

Day-shift nurses experienced less 
circadian disruption. Rotating 
shifts led to significant circadian 
misalignment

• • ​

[24] E.G. Landis, V. Yang, D.M. 
Brown, M.T. Pardue, S.A. 
Read

Dim light exposure and 
myopia in children

Evaluating the relationship 
between light exposure and 
myopia in children

Myopic children had less 
exposure to scotopic and 
outdoor photopic lighting. Broad 
light exposure is critical

• • •

[25] E.J. Ricketts, H.J. Burgess, G. 
E. Montalbano, M.E. Coles, J. 
F. McGuire, H. Thamrin, D.L. 
McMakin, J.T. McCracken, M. 
A. Carskadon, J. Piacentini, C. 
S. Colwell

Morning light therapy in 
adults with Tourette’s 
disorder

To study light therapy’s effect 
on Tourette syndrome and 
circadian rhythms

Light therapy impacted 
circadian markers, but saliva 
sampling required strict storage 
protocols for accuracy

​ • •

[26] M. Turco, N. Cazzagon, I. 
Franceschet, C. Formentin, G. 
Frighetto, F. Giordani, N. 
Cellini, G. Mazzotta, R. Costa, 
B. Middleton, D.J. Skene, A. 
Floreani, S. Montagnese

Morning bright light 
treatment for sleep-wake 
disturbances in primary 
biliary cholangitis: A pilot 
study

To examine the impact of 
bright light therapy on 
Seasonal Affective Disorder 
(SAD)

Bright light therapy improved 
SAD symptoms when used daily 
for 15 days

​ • •

[29] Y. Dong, X. Zhang Study on the effect of 
awakening daylight in 
dormitories on morning 
alertness, mood, fatigue 
and sleep quality of 
college students

To investigate the impact of 
daylight exposure in college 
dorms on alertness, mood, 
fatigue, and sleep quality

Daylight exposure before 
waking, especially in summer, 
improved cognition, mood, and 
sleep quality

• • •

[30] R. Lok, S. Ancoli-Israel, K.E. 
Ensrud, S. Redline, K.L. Stone, 
J.M. Zeitzer

Timing of outdoor light 
exposure is associated 
with sleep-wake 
consolidation in 
community-dwelling 
older men

Investigating outdoor light 
exposure timing and its 
impact on sleep-wake 
fragmentation, health, and 
cognition in older men.

Bright light in the afternoon 
improved sleep-wake cycle 
stability. Poorer outcomes 
(sleep, lifestyle, health) were 
noted in individuals with 
fragmented sleep

• • •

[31] Y. Huang, C. Mayer, P. Cheng, 
A. Siddula, H.J. Burgess, C. 
Drake, C. Goldstein, O. 
Walch, D.B. Forger, D.B. 
Forger

Predicting circadian 
phase across populations: 
A comparison of 
mathematical models and 
wearable devices

Predicting circadian phase 
using non-invasive wearable 
data

Natural light exposure and 
activity data provide insights 
into circadian rhythms, 
particularly under varied work 
schedules

• • ​

(continued on next page)
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Table A.1 (continued )

Reference Authors Title Study objective Key findings Section 
4.1

Section 
4.2

Section 
4.3

[32] N.M. Gabinet, B.A. Portnov Investigating the 
combined effect of ALAN 
and noise on sleep by 
simultaneous real-time 
monitoring using low- 
cost smartphone devices

To examine the impact of 
artificial light and noise on 
sleep quality and duration

Artificial light at night and noise 
exposure affected sleep quality, 
with separate effects noted 
before and during sleep

• ​ •

[33] E. van Lieshout-van Dal, L. 
Snaphaan, S. Bouwmeester, 
Y. de Kort, I. Bongers

Testing a Single-Case 
Experimental Design to 
Study Dynamic Light 
Exposure in People with 
Dementia Living at Home

To analyze the effects of a 
dynamic lighting system on 
individuals with dementia

The system’s effectiveness 
depends on daylight availability 
and time spent near the lamps. 
Participant feedback indicated 
mixed experiences regarding the 
system’s pleasantness, 
brightness, and health impact, 
with recommendations for 
improvements.

• ​ •

[34] S.T. Peeters, K.C.H.J. 
Smolders, I.M.L.C. Vogels, Y. 
A.W. de Kort

Less is more? Effects of 
more vs. less electric light 
on alertness, mood, sleep 
and appraisals of light in 
an operational office

To measure the effect of 
illuminance levels during 
office hours on sleep and 
vitality

Exposure to electric light had 
acute and delayed negative 
effects on sleepiness and vitality, 
especially in spring

• • •

[35] M.S. Khanie, T. Illum, N. 
Hosseinpour, K. Matsuo, X. 
Fan, P. Wargocki

Exploring the effects of 
spectral light exposure on 
University students’ sleep 
quality: a cross-sectional 
study

Investigating the effects of 
spectral light exposure on 
sleep quality of university 
students

Variability in daylight exposure 
was noted, with increased 
exposure from winter to spring. 
The study highlights the 
influence of spectral 
composition on sleep quality and 
cognitive performance.

• • •

[36] M.G. Figueiro, R. Hamner, A. 
Bierman, M.S. Rea

Comparisons of three 
practical field devices 
used to measure personal 
light exposures and 
activity levels

Comparative study of 
Daysimeter and Actiwatch 
Spectrum for evaluating data 
quality

Daysimeter was more accurate 
than Actiwatch Spectrum in 
measuring photometric data, 
particularly under varied light 
sources

• ​ •

[37] J. Itzhacki, B.H.W.T. Lindert, 
W.P. Van Der Meijden, M.L. 
Kringelbach, J. Mendoza, E.J. 
W. Van Someren

Environmental Light and 
Time of Day Modulate 
Subjective Liking and 
Wanting

To investigate how the 
brightness of ambient light 
affects subjective wanting and 
liking

Brightness of ambient light and 
its relationship with subjective 
experiences were studied; 
periods of inactivity were 
excluded from the analysis to 
ensure data integrity

• • •

[38] S.W. Cain, E.M. McGlashan, 
P. Vidafar, J. Mustafovska, S. 
P.N. Curran, X. Wang, A. 
Mohamed, V. Kalavally, A.J. 
K. Phillips

Evening home lighting 
adversely impacts the 
circadian system and 
sleep

To examine the impact of 
home lighting on sleep and 
circadian rhythms

Energy-efficient lighting and 
reduced incandescent use 
increased residential lighting’s 
influence on circadian rhythms

• • •

[39] E.L. Krüger, C. Tamura, T.W. 
Trento

Identifying relationships 
between daylight 
variables and human 
preferences in a climate 
chamber

To examine the effects of 
daylight attributes on 
people’s preferences

Light supports the circadian 
rhythm. Seasonal and office 
orientation impact stress, 
anxiety, thermal perception, and 
susceptibility to SAD.

• ​ •

[56] S. L. Hartmeyer, A. Davies, M. 
Andersen

Post-Occupancy 
Evaluation of Office 
Lighting What Can We 
Learn from Light- 
Dosimetry?

To evaluate the effects of 
office lighting on visual 
comfort, well-being, and 
cognitive performance, 
combining environmental 
measurements, physiological 
data, and subjective 
questionnaires.

Biodynamic lighting improves 
alertness, mood, and cognitive 
performance; vertical 
(melanopic) illuminance at eye 
level is a useful indicator. 
Significant variations were 
found in physiological 
parameters and subjective 
perception depending on the 
lighting type.

• • •

[57] P. Sloane, M. Figueiro, S. 
Garg, L. Cohen, D. Reed, C. 
Williams, J. Preisser, S. 
Zimmerman

Effect of home-based 
light treatment on 
persons with dementia 
and their caregivers

Assessing home light 
therapy’s impact on dementia 
patients and their caregivers

Blue-white light improved 
caregivers’ sleep quality. No 
significant improvement for 
dementia patients

• • •

[58] D. A. Wallacea, K. R. Evenson, 
C. R. Isasi, S. R. Patel, D. 
Sotres-Alvarez, P. C. Zee, S. 
Redline, F. A.J.L. Scheer, T. 
Sofer

Characteristics of 
objectively-measured 
naturalistic light 
exposure patterns in U.S. 
adults: A cross-sectional 
analysis of two cohorts

To quantitatively describe 
light exposure in two large US 
cohorts and its relationships 
with demographic, seasonal, 
and behavioral variables.

Light exposure varies by sex, 
season, latitude, age, and sleep 
habits. Men and summer 
participants are exposed to more 
bright light. The study supports 
the feasibility of light 
biomonitoring in the general 
population.

• • ​
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Appendix B

Table B.1 
Hardware and software used for monitoring environmental parameters as described in the text of references (the main monitored parameters are marked with the 
symbol “•”).

Ref hardware used 
(validation status)

Hardware position 
(form factor; size; 
weight)

Software used for 
data acquisition

Photon 
flux 
[photons/ 
cm2/sec]

Irradiance 
[μW/ 
cm2]

Photopic 
Illuminance 
[lx]

Melanopic 
Equivalent 
Daylight 
Illuminance 
(mEDI) 
[lx]

Circadian 
Stimulus 
(CS)/ 
Circadian 
Light 
(CLa)

Visible light 
spectrum

CCT 
[K]

Accuracy on 
the 
measured 
parameters

[8] Spectrace dosimeter 
(prototype)

chest-level (USB-stick 
style; 80 × 20 × 12 mm; 
50 g)

ND ​ ​ • ​ ​ spectral 
irradiance 
across 14 
channels in the 
range 
(410–760 nm)

​ ND

[9] Light Dosimeter 
(LiDo) 
(available for rental)

Vicinity of a person’s 
face 
(Pendant or glasses- 
mounted near the eyes; 
58 × 20.6 × 16 mm; 27 
g)

Custom LiDo 
package

​ ​ • • ​ ​ ​ ND

STS-Vis Ocean 
Insight 
spectroradiometer 
(market-ready 
device)

Forehead, 15◦ below 
horizonta

ND ​ ​ ​ ​ ​ • ​ ND

[17] Actiwatch RGB 
(market-ready 
device)

Non dominant wrist 
(wristwatch; 48 × 37 ×
15 mm; 30 g)

Postprocessing in 
SAS

​ ​ ​ ​ ​ RGB ​ ​

Actiwatch-L 
(market-ready 
device)

Non dominant wrist 
(wristwatch; 37 × 35 ×
12 mm; 25 g)

Postprocessing in 
SAS

​ ​ • ​ ​ broadband 
white light

​ ​

[18] Daysimeter 
(prototype)

Close proximity to 
cornea 
Chest-level 
(Retro-ear device with 
fiber-optic link to optical 
sensor; ND; ND)

ND ​ ​ ​ ​ • ​ ​ ND

[24] Actiwatch 2 
(market-ready 
device)

ND 
(wristwatch; 43 × 23 ×
10 mm; 16 g)

ND • • • ​ ​ ​ ​ ±10 % at 
3000 lx 
[105]

[29] Wireless 
illuminance meters 
(market-ready 
device)

horizontally at head 
position vertically at 
0.20 m from the bed 
(compact cylindrical 
devices; diameter 50 
mm; 300 g)

ND ​ ​ • ​ ​ ​ ​ ND

[30] Actiwatch 2 
(market-ready 
device)

Nondominant wrist 
(wristwatch; 43 × 23 ×
10 mm; 16 g)

ND • • • ​ ​ ​ ​ ±10 % at 
3000 lx 
[105]

[31] Actiwatch-L 
(market-ready 
device)

Wrist (wristwatch; 37 ×
35 × 12 mm; 25 g)

Postprocessing in 
Matlab

​ ​ • ​ ​ ​ ​ ​

Actiwatch Spectrum 
(market-ready 
device)

Wrist (wristwatch; 48 ×
37 × 15 mm; 31 g)

Postprocessing in 
Matlab

• • • ​ ​ ​ ​ ±10 % at 
1500 lx 
[106]

[32] Smartwatches (SW) 
and Smartphones 
(SP) 
(market-ready 
devices)

Wrists 
(ND)

Andro-sensor 
app for SW and 
SP (for ALAN)

​ ​ • ​ ​ ​ ​ ND

[33] LYS button 1.0 
(market-ready 
device)

Collar (clip-on button; 
diameter 18 mm and 
thickness 29.4 mm; 15 
g)

LYS ​ ​ • •1 ​ RGB •1 ND

Sekonic C-700 
spectrometer 
(market-ready 
device)

Vertically at eye level 
(slim handheld 
rectangle; 183 mm × 73 
mm × 27 mm; 230 g)

ND ​ ​ • •1 ​ • • ND

[34] TAOS TCS34725 
(market-ready 
device)

close to the eyes in a 
vertical position 
(daytime) bedside table 
(during sleep) 
(Bare sensor package; 

ND ​ ​ • ​ ​ ​ ​ ND

(continued on next page)
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Table B.1 (continued )

Ref hardware used 
(validation status) 

Hardware position 
(form factor; size; 
weight) 

Software used for 
data acquisition 

Photon 
flux 
[photons/ 
cm2/sec] 

Irradiance 
[μW/ 
cm2] 

Photopic 
Illuminance 
[lx] 

Melanopic 
Equivalent 
Daylight 
Illuminance 
(mEDI) 
[lx] 

Circadian 
Stimulus 
(CS)/ 
Circadian 
Light 
(CLa) 

Visible light 
spectrum 

CCT 
[K] 

Accuracy on 
the 
measured 
parameters

2.4 × 2.0 × 0.65 mm; 12 
g)

Eltek photometers 
(market-ready 
device)

Horizontally at desk 
level (i.e., 0.7 m) and 
vertically at eye height 
(i.e., 1.20 m) (ND; ND; 
ND)

ND ​ ​ • ​ ​ ​ ​ ND

Specbos 1201 
spectrometer 
(market-ready 
device)

Vertical plane 
(Handheld 
spectroradiometer; 140 
× 58 × 34 mm; 350 g)

ND ​ ​ ​ ​ ​ • ​ ±0.5 nm 
[107]

[35] LYS button 
(market-ready 
device)

ND 
(clip-on button; 
diameter 18 mm and 
thickness 29.4 mm; 15 
g)

LYS ​ ​ • •1 ​ RGB •1 ND

[36] Activewatch 
Spectrum 
(market-ready 
device)

Wrist (wristwatch; 48 ×
37 × 15 mm; 31 g)

ND • • • ​ ​ ​ ​ ±10 % at 
1500 lx 
[106]

Daysimeter 
(prototype)

Eye level, wrist, torso 
and chest 
Chest-level 
(Retro-ear device with 
fiber-optic link to optical 
sensor; ND; ND)

ND ​ ​ •2 ​ •1 RGB ​ ND

[37] Daysimeter 
(prototype)

Chest 
Chest-level 
(Retro-ear device with 
fiber-optic link to optical 
sensor; ND; ND)

ND ​ ​ •1 ​ ​ RGB ​ ND

[38] C12666MA mini- 
spectrometer 
(market-ready 
device)

Chest 
(module; 20.1 × 12.5 ×
10.1 mm; 5 g)

ND ​ ​ •2 •2 ​ • ​ ND

[39] Actiwatch Spectrum 
(market-ready 
device)

Forehead (wristwatch; 
48 × 37 × 15 mm; 31 g)

ND • • • ​ ​ ​ ​ ±10 % at 
1500 lx 
[106]

JETI Specbos 1201 
(market-ready 
device)

1.5 m from the glazed 
façade, at desk level 
(0.90 m from the floor) 
Handheld 
spectroradiometer; 140 
× 58 × 34 mm; 350 g)

ND ​ ​ • ​ ​ • • ±0.5 nm 
[107]

[56] Spectrace dosimeter 
(prototype)

Chest-level 
(USB-stick style; 80 × 20 
× 12 mm; 50 g)

ND ​ ​ • • ​ • • ND

[57] Circadian light 
meter 
(prototype)

Pinned to subjects’ 
clothes 
(clip-on button; 
diameter 18 mm; ND)

ND ​ ​ ​ ​ • ​ ​ ND

[58] Activewatch 
Spectrum 
(market-ready 
device)

Wrist 
(wristwatch; 48 × 37 ×
15 mm; 31 g)

ND ​ ​ • ​ ​ ​ ​ ±10 % at 
1500 lx 
[106]

All information regarding form factor, dimensions, weight, and accuracy that was not directly reported in the analyzed papers was derived from the respective 
manufacturer’s website.

1 Derived from visible spectrum.
2 Derived from RGB.

Table B.2 
Hardware and software used for monitoring physiological and human activities and the associated monitored parameters (each selected parameter is characterized by 
the symbol “•”).

Ref Hardware used 
(validation status; form factor; size; weight)

Software used Parameters Accuracy on the 
measured 
parameterssleep/wake 

(activity)
DLMO Tskin EEG EOG ECG Pupil 

size

(continued on next page)
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Table B.2 (continued )

Ref Hardware used 
(validation status; form factor; size; weight) 

Software used Parameters Accuracy on the 
measured 
parameterssleep/wake 

(activity) 
DLMO Tskin EEG EOG ECG Pupil 

size

[2] Temec Vitaport-3 digital recorder 
(market-ready device; box with strap; 9 × 15 × 4.5 
cm; 700 g)

ND ​ ​ ​ • • • ​ ND

[8] Spectrace 
(prototype; N/A)

ND • ​ ​ ​ ​ ​ ​ ND

[9] Pupil Core eye tracker -pupil labs 
(market-ready device; Eyeglass frame; W: 160 mm x 
H: 51 mm; 22.75 g)

ND ​ ​ ​ ​ ​ ​ • ±0.60◦

[67]

[11] Jawbone UP24 
(market-ready device; wristband; 14.1 × 5.18 × 5 cm; 
22.68 g)

UP app for 
smartphone

• ​ ​ ​ ​ ​ ​ ND

[17] Philips Actiwatch-L 
(market-ready device; wristband; 37 L x 35 W x 12 H 
mm; 25 g)

ND • ​ ​ ​ ​ ​ ​ ND

[18] Daysimeter 
(N/A; pendant; the board is 2 cm 
in diameter; 25.25 g)

ND • ​ ​ ​ ​ ​ ​ ND

[24] Philips Actiwatch 2 
(market-ready device; wristband; 43 × 23 × 10 
mm;16 g)

ND • ​ ​ ​ ​ ​ ​ ND

[25] Philips Actiwatch Spectrum 
(market-ready device; wristband; 48 × 37 × 15 mm; 
31 g), salivary melatonin detection with 30 min 
samples

Philips Actiware 
version 6.0.9

• • ​ ​ ​ ​ ​ ND

[26] SOMNOwatch 
(market-ready device; wristband; Diameter: 45mm 
Height: 16 mm; 30 g)

ND • ​ ​ ​ ​ ​ ​ ±5 % 
[108]

[29] Jawbone UP3 
(market-ready device; wristband; 220 × 12.2 × 3 to 
9.3 mm; 29 g)

ND • ​ ​ ​ ​ ​ ​ ND

[30] Philips Actiwatch 2 
(market-ready device; wristband; 43 mm x 23 mm x 
10 mm;16 g)

’nparACT’ R 
package

• ​ ​ ​ ​ ​ ​ ND

[31] Philips Actiwatch-Spectrum (market-ready device; 
wristband; 48 × 37 × 15 mm; 31 g), salivary 
melatonin detection with 30 min samples

ND • • ​ ​ ​ ​ ​ ND

[34] Philips Actiwatch Spectrum (market-ready device; 
wristband; 48 × 37 × 15 mm; 31 g)

ND • ​ ​ ​ ​ ​ ​ ND

[35] Fitbit Charge 2 (market-ready device; wristband; 
width: 22 mm, thickness: 12.7 mm; 35 g), and Alta HR 
sleep tracker, iButton DS1922L

ND • ​ • ​ ​ ​ ​ ND

[37] Daysimeter-D 
(N/A; pendant; the board is 2 cm 
in diameter; 25.25 g)

ND • ​ ​ ​ ​ ​ ​ ND

[38] Philips Actiwatch Spectrum (market-ready device; 
wristband; 48 × 37 × 15 mm; 31 g), salivary 
melatonin detection with hourly samples

ND • • ​ ​ ​ ​ ​ ND

[57] Philips Actiwatch-L 
(market-ready device; wristband; 37 L x 35 W x 12 H 
mm; 25 g)

ND • ​ ​ ​ ​ ​ ​ ND

All information regarding form factor, dimensions, weight, and accuracy that was not directly reported in the analyzed papers was derived from the respective 
manufacturer’s website.

Table B.3 
Scale used for acquiring users’ feedback and the associated subjective parameters (each selected parameter is characterized by the symbol “•”).

Ref Effect size Questionnaire/Test 
(Scale used)

Subjective parameters considered

Sleep 
related 
issues

Mood Physical 
activity 
level

Physical 
health 
satisfaction

Mental 
health 
satisfaction

Ability to 
perform 
daily task

Depressive 
symptoms

Cognitive 
performance

Quality 
of life

Health Emotional 
state

[2] ND Karolinska Sleepiness 
Scale (KSS) 
(9-point scale)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Psychomotor 
Vigilance Task (PVT- 
10A) 
(ND)

​ ​ ​ ​ ​ ​ ​ • ​ ​ ​

[11] ND Pittsburgh Sleep 
Quality Index (PSQI) 
(from 0 to 3; 0 = best)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

(continued on next page)
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Table B.3 (continued )

Ref Effect size Questionnaire/Test 
(Scale used) 

Subjective parameters considered

Sleep 
related 
issues 

Mood Physical 
activity 
level 

Physical 
health 
satisfaction 

Mental 
health 
satisfaction 

Ability to 
perform 
daily task 

Depressive 
symptoms 

Cognitive 
performance 

Quality 
of life 

Health Emotional 
state

Horne-Östberg 
Questionnaire 
(various)

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

Karolinska Sleepiness 
Scale (KSS) 
(9-point scale)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Mood 
(1 to 10 visual 
analogue scale)

​ • ​ ​ ​ ​ ​ ​ ​ ​ ​

[17] ND Pittsburgh Sleep 
Quality Index (PSQI) 
(various)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Horne-Östberg 
Questionnaire 
(various)*

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

[25] ND Yale Global Tic 
Severity Scale 
(YGTSS) 
(various)*

​ ​ ​ ​ ​ ​ ​ ​ ​ • ​

Epworth Sleepiness 
Scale (ESS) 
(4-point scale)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Morningness- 
Eveningness 
Questionnaire- 
Revised 
(various)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Depression Anxiety 
Stress Scale 
(various)*

​ ​ ​ ​ ​ ​ • ​ ​ ​ ​

Sheehan Disability 
Scale 
(various)*

​ ​ ​ ​ ​ ​ ​ ​ ​ • ​

Pittsburgh Sleep 
Quality Index (PSQI) 
(various)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

[26] ND Short Form Health 
Survey (SF-36) 
(various)

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

Horne-Östberg 
Questionnaire 
(various)

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

Pittsburgh Sleep 
Quality Index (PSQI) 
(0 – 3 point)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

[29] ND Karolinska Sleepiness 
Scale (KSS) 
(9-point scale)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Mood 
(5-point Likert 
positive and negative 
semantic scale)

​ • ​ ​ ​ ​ ​ ​ ​ ​ ​

[30] Generally 
small

Physical Activity 
Scale for the Elderly 
(PASE) 
(various)*

​ ​ • ​ ​ ​ ​ ​ ​ ​ ​

Physical Component 
Summary (PCS) 
(various)*

​ ​ ​ • ​ ​ ​ ​ ​ ​ ​

Mental Component 
Summary (MCS) 
(various)*

​ ​ ​ ​ • ​ ​ ​ ​ ​ ​

Instrumental 
Activities Daily Living 
(IADL) 
(various)*

​ ​ ​ ​ ​ • ​ ​ ​ ​ ​

Geriatric Depression 
Scale (GDS) 
(various)*

​ ​ ​ ​ ​ ​ • ​ ​ ​ ​

Modified Mini-Mental 
State (3MS) 
(various)*

​ ​ ​ ​ ​ ​ ​ • ​ ​ ​

(continued on next page)
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Table B.3 (continued )

Ref Effect size Questionnaire/Test 
(Scale used) 

Subjective parameters considered

Sleep 
related 
issues 

Mood Physical 
activity 
level 

Physical 
health 
satisfaction 

Mental 
health 
satisfaction 

Ability to 
perform 
daily task 

Depressive 
symptoms 

Cognitive 
performance 

Quality 
of life 

Health Emotional 
state

[32] ND Pittsburgh Sleep 
Quality Index - 
Hebrew version 
(PSQI-H), 
(various)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

[33] Generally 
small

Mini Mental State 
Examination (MMSE) 
(various)*

​ ​ ​ ​ ​ ​ ​ • ​ ​ ​

Evaluation 
questionnaire about 
the test experience 
(3-point semantic 
scale)

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ •

[34] ND Karolinska Sleepiness 
Scale (KSS) 
(9-point Likert scale)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Vitality, valence and 
tension 
(7-point bipolar 
scale)

​ ​ ​ ​ ​ ​ ​ ​ ​ ​ •

Sleep, mental and 
physical fatigue 
(7-point bipolar 
scale)

​ ​ ​ ​ • ​ ​ ​ ​ ​ ​

Light appraisals 
(7-point bipolar 
scale)

​ • ​ ​ ​ ​ ​ ​ ​ ​ ​

[35] ND Baddeley resasoning 
test 
(various)

​ ​ ​ ​ ​ ​ ​ • ​ ​ ​

[36] ND Mini-Mental State 
Examination (MMSE) 
(various)*

​ ​ ​ ​ ​ ​ ​ • ​ ​ ​

[37] Small Liking and wanting 
(Visual analogue 
scales;0, not – 100, 
very much)

​ • ​ ​ ​ ​ ​ ​ • ​ •

Positive and negative 
mood from Daytime 
Insomnia Symptom 
Scale 
(Visual analogue 
scales)*

​ • ​ ​ ​ ​ ​ ​ ​ ​ ​

[38] ND Insomnia Severity 
Index (ISI) 
(ND)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Pittsburgh Sleep 
Quality Index (PSQI) 
(ND)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Morningness- 
Eveningness 
Questionnaire (MEQ) 
(ND)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Epworth Sleepiness 
Scale (ESS) 
(ND)

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

[39] ND Evaluation of lighting 
situation 
(7-point Likert scale)

​ • ​ ​ ​ ​ ​ ​ • ​ •

[56] ND Consensus Sleep 
Diary 
(various)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

[57] ND Pittsburgh Sleep 
Quality Index (PSQI) 
(various)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Medical Outcomes 
Study (MOS) 
(various)*

​ • ​ ​ ​ ​ ​ ​ ​ ​ ​

Epworth Sleepiness 
Scale (ESS) 
(4-points categorical 
scale)*

• ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

(continued on next page)
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Table B.3 (continued )

Ref Effect size Questionnaire/Test 
(Scale used) 

Subjective parameters considered

Sleep 
related 
issues 

Mood Physical 
activity 
level 

Physical 
health 
satisfaction 

Mental 
health 
satisfaction 

Ability to 
perform 
daily task 

Depressive 
symptoms 

Cognitive 
performance 

Quality 
of life 

Health Emotional 
state

Cornell Scale for 
Depression in 
Dementia (CSDD) 
(4-point scale)*

​ ​ ​ ​ ​ ​ • ​ ​ ​ ​

Quality of Life in 
Alzheimer’s Disease – 
modified (QoL-AD) 
(various)*

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

Caregiver Hassles 
Scale (CHS) 
(various)*

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

Zarit Burden 
Interview (ZBI) 
(various)*

​ ​ ​ ​ ​ ​ ​ ​ • ​ ​

* indicates that the paper does not explicitly specify the questionnaire/test scale employed; therefore, it has been inferred from the referenced materials provided.
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