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Abstract: Global demand for sleep-tracking wearables, or consumer sleep technologies (CSTs), is
steadily increasing. CST marketing campaigns often feature a scientific component, but the scientific
relevancy and monetary value of CST features within the sleep research community remains
unquantified. Sleep medicine experts were recruited through social media and nonprobability
sampling techniques to complete a survey identifying sleep metrics and device features that are
most desirable to the scientific community. A hypothetical purchase task (HPT) estimated economic
valuation for devices with different features by price. Forty-six (N=46) respondents with an average
of 1046 years’ experience conducting research in real-world settings completed the online survey.
Total sleep time was ranked as the most important measure of sleep followed by objective sleep
quality while sleep architecture/depth and diagnostic information were ranked as least important.
Experts preferred wrist-worn devices that could reliably determine sleep episodes as short as 20
minutes. Economic value was greater for hypothetical devices with longer battery life. These data
set a precedent to determine how scientific relevance of a product impacts the potential market
value of a CST device. This is the first known attempt to establish consensus opinion or economic
valuation for scientifically-desirable CST features and metrics using expert elicitation.
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1. Introduction

Wearables are a hallmark of the Internet of Things (IoT), but sleep researchers have
been using a precursor to wrist-worn wearables called actigraphy since before the
“birth” of the internet in 1983 [1-3]. Actigraphy has been used to determine sleep-wake
behavior using predominantly activity data since the 1970s whereas internet-enabled
applications and wearables began to hit the market in the mid-2010s [1,2,4]. A 2015
Journal of Clinical Sleep Medicine article coined the term used to describe publicly-
available computer-based systems that aim to monitor or improve individual sleep
behavior defined as “consumer sleep technologies (CSTs)” [5]. This term is widely used
by the sleep research community to describe wearables or non-wearable sleep tracking
technology [1]. The authors noted in 2015 that there was “scant literature discussing
these technologies”, providing only two examples of previous studies [4-6]. Since its
publication in 2015, however, “Consumer Sleep Technologies: A Review of the Landscape” has
been cited 167 times according to Google Scholar. The literature is no longer scant.

Enough reviews, statements, editorials, validation studies, and research findings
focused on CSTs have been published that it is impossible to cite them all. An
underlying message across these articles has been that CSTs are becoming a part of the
research landscape, but that technologies cannot be taken seriously until they have been
shown to be accurate compared to traditional sleep measurements [7-14]. A 2021 study
by Chinoy et al. compared the performance of seven recently-developed CST devices
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against polysomnography (PSG) and found that CSTs exhibited high performance in
detecting sleep that rivaled, and in some cases surpassed, the accuracy of research-grade
actigraphy [15]. Relatedly, an in-depth review of the history and future of multisensory
sleep-tracking wearable technology was recently published by Lujan, Perez-Pozuelo,
and Grandner in the journal Frontiers in Digital Health [1]. These publications, as well as
countless other scientific analyses comparing CSTs against traditional scientific sleep
measurement systems, indicate a turning point in the viability of CSTs for research
purposes.

The scientific community cannot ignore the benefit of potentially superior fieldable
sleep measurement systems. However, as the name suggests, CSTs have been designed
for the everyday consumer rather than as a reliable scientific tool. The design and
features of CST wearables appear to be driven by what will influence the buying
decision of the average consumer. This approach assumes that what the consumer
values is grounded in good empirical evidence as to what information about sleep is
truly important to monitor. To address that assumption, we set out to ask academic and
industry sleep researchers, who are well-educated about the value of sleep monitoring,
what features of a wearable are most important in a CST wearable. The study described
here was designed to answer the following specific questions:

1.  Which metrics of sleep quantity and quality do experts in the field believe are
most important for a CST wearable to measure?

2. What wearable design features are most important for successful tracking of
sleep in the real-world from the perspective of experts who conduct such
studies?

3. How much economic value do experts place on a CST wearable that has the
most desirable sleep metrics and design features?

Establishing the economic value of CST wearable features in the scientific context is
an on-going, multi-step project being conducted as a collaboration between the Institutes
for Behavior Resources (IBR) Operational Fatigue and Performance group and the
Behavioral Economics group. Behavioral economics is a field of science that applies
behavioral science within economic frameworks to explain decision-making behavior
[16-18]. In order to assess the economic value of CST features that are desirable to sleep
researchers, however, we first needed to establish which features are, in fact, desirable to
sleep researchers in economic terms.

The first step in the project was to conduct an online survey to see what wearable
features scientists with a professional interest in measuring real-world sleep consider
most important [19]. Survey items were geared toward identifying discrete design
features as well as a hypothetical purchase task (HPT), a validated behavioral economic
demand procedure for evaluating demand across a range of hypothetical circumstances.
This procedure can provide information about sensitivity to price for a particular device
or feature (e.g., how purchasing behavior may change as a function of cost) and provide
an economic valuation of those features in terms of demand elasticity. The target
recruitment population for this survey were scientists and industry professionals who
routinely conduct research related to human sleep physiology or behavior in real-world
environments, i.e., sleep research experts.

One concern with an expert survey is that the sample population may not be
adequately representative of the expert community [20]. Adequate sampling requires the
determination of a sufficient sample size based on an estimation of the size of the overall
population [21]. Experts can be recruited using nonprobability sampling techniques,
such as convenience sampling [22,23] or purposeful sampling [24-26]. “Snowball”
sampling, in which participants identify other potential participants, is another
nonprobable sampling technique which can help increase the recruitment of experts for
survey participation [20,27,28]. This paper describes the efforts taken to ensure that
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respondents were representative of the global sleep expert population and presents a
rank ordering of researcher preferences for CST device features and metrics.

The goal of this manuscript is to establish experts’ consensus opinion of the
economic value of desirable CST wearable features for use in real-world sleep research
environments. To our knowledge, this is the first report of an examination of preferred
CST wearables features solicited from sleep experts and a behavioral economic analysis
of the value this group assigns to those features. These findings will next be used to
assess the extent to which currently available devices meet these criteria and to inform
the development of a behavioral economic survey in a general consumer population for
CST wearables to determine the added value conferred by scientific validation and
endorsement.

2. Materials and Methods

Professional opinions from sleep medicine experts were elicited to identify what
metrics and device features for measuring sleep outside the laboratory are most
desirable to the scientific community. Potential respondents were recruited actively
through direct contact and passively through social media on Twitter
(www.twitter.com) and LinkedIn (www.linkedin.com) social media platforms and
through scientific presentations which described the scope of the project to the target
audience. Potential respondents were actively recruited through email based on the
results of a literature review conducted using the biomedical literature search engines
Pubmed.gov (https://pubmed.ncbinlm.nih.gov/) and scholarly literature web search
engine Google Scholar (https://scholar.google.com/).

Search criteria for the literature review included that the article had been peer-
reviewed, published before July 2021, and included a combination of the terms ‘sleep,’
AND ‘environment’ OR ‘operational’ OR ‘real-world” OR ‘ecological’ AND/OR
‘wearable” OR “consumer sleep technology’ OR “‘device’ in the topic or title fields. Each
returned article was manually scanned for relevancy. Articles which included a
description of methods of active data collection in a real-world environment or
simulated real-world environment were considered relevant. Review articles, meta-
analysis, papers focused on device engineering/development, or opinion pieces such as
editorials were not sufficient for inclusion. Authors who had published at least two or
more relevant papers were subsequently considered subject matter experts and were
contacted via blind carbon copy (bcc) email with a brief written explanation of the
purpose of the research and a link to the online survey. Recruitment terminology on all
platforms (social media, scientific presentation, and email) included a request to share
the survey with any interested colleagues in relevant fields in order to create a snowball
effect and reach a broader range of potential respondents.

The survey was hosted through the online tool Qualtrics (www.qualtrics.com)
between April and July 2021. The voluntary anonymous survey was composed of 42
questions grouped in 5 sections. The first section contained 5 questions that focused on
identifying each respondent’s background and research experience. The second section
contained 10 questions about respondents’ typical sample population and study design.
The third section contained 13 questions asking about device preferences, and the fourth
section asked respondents to rate their agreement with 6 statements. The fifth section
contained 9 questions regarding economic demand for devices with varying features
and price points. Respondents were able to provide comments in a text box up to a 20k
character limit at the end of the survey. This study was approved by the Salus
Institutional Review Board and these analyses were conducted in accordance with the
Declaration of Helsinki.

An annotated list of survey items and hypothetical devices for discussion in this
paper is outlined in Table 1. Respondents could select the best fitting option from a
multiple-choice list for Q1-Q12 or provide a write-in response if no option described
them. Respondents were asked to rank by order of importance (high importance,
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medium importance, or low importance) a list of features or metrics related to the ques-
tion topic for Q13-15. Respondents could additionally provide and rank a write-in re-
sponse.

All data were exported from Qualtrics as an Excel file and subsequently analyzed
using Excel 2013. In-depth statistical testing was not appropriate for these analyses due
to the nature of the survey and the small sample size. Responses for Q13-15 were
weighted by level of importance. The Excel Rank function was used to calculate
weighted mean rank order for Q13-Q15 items. The hypothetical CST devices used for the
HPT are briefly described in Table 2.

Table 1. Survey Questions and Number of Responses.

. Number of
Question
Responses

Research Background and Experience
Q1. Do you conduct human subjects research related to sleep in real-world
environments/outside a controlled laboratory environment? (Only respond- 55
ents who selected Yes were able to complete the rest of the questions)

Yes 46
Q2. How many years' experience do you have conducting human sleep re- 44
search in real-world environments?
Q3. Which organization best describes your research affiliation? 43
Q4. In what region are you/your research based? 42
Q5. Which category best describes the population whose sleep you study? 40
Q6. Which category best describes the focus of your research? 36
Device Preferences: Multiple Choice
Q7. Where is your preferred placement for a fieldable device or instrument 3
to collect sleep data?
Q8. What do you consider to be the most important time scale for measur-
ing sleep for your research in general?
Q9. What is the most appropriate method for determining actual sleep on- 33
set/offset in real-world environments?
Q10. Do you collect data related to napping or fragmented sleep? (yes/no) 29

Yes 24
Q11.What is the most appropriate minimum period of inactivity that could
reliably be considered a nap? (only respondents who selected Yes on Q10 23
received this question)
Q12. What is your preferred continuous observation period or window for 0
collecting data on real-world sleep?
Device Preferences: Rank Order of Importance
Q13. Which information about sleep do you consider most important to 13
your research?
Q14. Which features of a fieldable device or instrument are/would be most 30
important to facilitating data collection for your research?
Q15. Which factors related to devices or instruments are most important to 33

limiting your observation period/data collection window?

Table 2. Device Descriptions for the Hypothetical Purchase Task.

Device A Device B Device C
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Accelerometer
Light exposure
30 second epochs

30 days continuous battery life

Accelerometer

Light exposure

Heart rate detection

¢ Oxygen saturation

¢ 4 days continuous battery life

o Accelerometer

e Light exposure

o Heart rate detection
¢ Oxygen saturation

¢ 30 days continuous battery life

Specifications e

30 days on-device data storage
Data is downloaded from de-

vice via USB

¢ 100 days cloud data storage
e Remote data download/Blue-
tooth

Sleep depth estimation (Light,
Deep, REM) which has been vali-
dated against PSG

¢ Extraction mode settings:
e 30 days on-device
storage via USB download
e 100 days cloud data
storage via Bluetooth
e Sleep depth estimation (Light,
Deep, REM) which has been
validated against PSG

Data Features

30 days on-device data storage
Data is downloaded from de-

vice via USB

¢ 100 days cloud data storage
e Remote data download/Blue-
tooth

Sleep depth estimation (Light,
Deep, REM) which has been vali-
dated against PSG

¢ Extraction mode settings:
e 30 days on-device
storage via USB download
e 100 days cloud data
storage via Bluetooth
e Sleep depth estimation (Light,
Deep, REM) which has been
validated against PSG

Features Consistent
Across All Devices

e 30 second epochs

e Rechargeable battery

o Water-resistant to 50 m

e Dual function as a watch and alarm clock

Event marker

Optional feedback mode

e Bedtime in 24-hour clock time

e Waketime in 24-hour clock time

e Total Sleep Time (TST) in minutes

¢ Companion software which allows researchers to score raw activity data
CSV export of epoch-by-epoch (EBE) data

CSV export of summary data averaged across all study days:

Sleep Efficiency (SE) as a percentage

Participants” data were first analyzed with algorithms used to determine non-sys-
tematic demand curve data [29]. Four demand curves were excluded as data were only
input for a single price (1 curve for Device A and B and 2 curves for Device C). Demand
curve data were analyzed using a recent extension of the exponential demand model
[30] specifically designed to handle zero demand data using guidelines and equations
from Gilroy et al., (2021) [31]. With this equation, QO is an estimate of the maximum
level of demand (the number of devices one would purchase), and a is an estimate of the
rate of change in elasticity normalized to the transformed maximum level of demand,
Q0. A demand curve template for GraphPad Prism 8.0 available from the Institutes for
Behavior Resources (www.ibrinc.org) was used to fit the pooled consumption data and
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estimate the two parameters. Post Hoc Extra Sum of Squares F-tests were used on the
pooled consumption data to determine whether the demand elasticity rate parameter (o)
differed between devices. We also report Essential Value (EV) which is proportional to
the inverse of a (EV =1/(100 x a)) and allows for a simple way to understand the rate of
change in elasticity — lower rate of change in elasticity is denoted by smaller a values
and indicates higher EV or higher resistance to the effect of price [30]. Taking the inverse
of at ensures that a higher value is represented by a higher number. Pmax was also calcu-
lated for each curve; Pmax denotes the price at which demand becomes elastic and mon-
etary expenditure would be maximal and was calculated using an Excel solver tool that
uses a and QO to estimate Pmax (https://ibrinc.org/behavioral-economics-tools/).

3. Results

3.1. Respondents
3.1.1. Recruitment Exposure

The total estimate of exposure of potential respondents through all platforms was
N=14,057. The vast majority of exposure occurred through the social media website Twit-
ter (N=11,117). Between April to July 2021, a total of 37 Twitter users clicked the research
survey link which had been embedded in recruitment tweets and 14 Twitter users re-
tweeted the recruitment tweets. Estimated exposure through scientific presentations was
approximately 142 attendees. Additionally, 101 potential respondents were directly re-
cruited through email.

3.1.2. Demographics

Seventy-six (76) individuals navigated to the Qualtrics survey website. Of these, 55
respondents indicated whether they conducted research related to sleep in real-world en-
vironments (see Table 1 above). Nine (N=9) respondents indicated that they did not con-
duct research in this field and were excluded from further participation, leaving a total
sample population of N=46. Respondents did not need to complete the entire survey in
order to be included in subsequent analysis. All respondents completed between 5-100%
of the survey. Sixty-three percent (63%; N=29) of respondents completed 100% of the rank
order survey questions and 39% (N=18) of respondents completed the HPT.

Figure 1A depicts respondents’ years of experience by region: Africa; Asia; Europe;
North America; Oceania; South America; and organization type: Academic or Education
Institution; For-Profit Organization or Business; Government; Hospital or Clinical Labor-
atory; Non-Profit Organization. The majority of respondents (N=26) were geographically
located in North America and conducted research in an academic or education institution
(N=30). Respondents had an average of 11 years’ experience conducting research (Range:
1-27 years; Mode: 10 years). Figure 1B shows the distribution of respondents by research
focus across the following categories: 1) healthy sleepers with conventional sleep patterns;
2) sleep disorders; 3) operational environments, such as transportation, shiftwork, or the
military; 4) marginalized or underrepresented groups, including racial, ethnic, and gen-
der minorities; 5) other. One (N=1) respondent indicated that their research focus per-
tained to ultra-endurance sports athletes, which constitutes its own category in Figure 1B.
Six (N=6) respondents did not provide an answer. Figure 1C shows the distribution of
respondents by research field: 1) biological sciences; 2) behavioral or social sciences; 3)
human factors or ergonomics; 4) diagnostics services. No respondent indicated that they
worked in a field other than these categories; 10 respondents did not provide an answer.
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Years of Experience by Region and Organization
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Figure 1. Respondent Demographics by Years” Experience, Region, and Research: (a) Respondents’ years of experience
(y-axis; mean + standard deviation) plotted by organization (x-axis) and global region (legend). The number of respond-
ents (N) per category is indicated by the white inset box. Percentage of respondents by (b) research focus and (c) re-
search field are depicted in pie charts.

3.2. Device Preferences

Responses to Q7 -Q12 are depicted in Figure 2. Percentages are shown by total
number of respondents per question rather than total number of survey respondents. In
brief, a 66% majority of respondents (21/32) preferred devices which are worn on the
wrist for sleep measurement (Q8) and a 49% majority of respondents (16/33) considered
epoch-by-epoch/minute-by-minute to be the most important time scale for measuring
sleep (Q8). On Q9, 52% (15/29) believed that the most appropriate method for determin-
ing sleep onset/offset was through a combination of brain activity, motor activity (e.g.,
activity counts), and peripheral biometric measures (e.g., heart rate, oxygen saturation).
Eighty-three percent (83%; 24/29) of respondents indicated that they collected data
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related to napping or sleep fragmentation (Q10). Only these 24 respondents were per-
mitted to answer Q11. On Q11, 52% (12/23) indicated that the most appropriate mini-
mum period of inactivity that could be considered a nap was less than or equal to 20
minutes. Another sizeable fraction (44%) of respondents selected a time period between
20 to 40 minutes. No respondents selected a time period greater than 60 minutes for Q11.
For Q12, a 44% majority of respondents (14/32) preferred a continuous observation win-
dow between 4 to 14 days long.

Q7. Where is your preferred placement
for a fieldable device or instrument to
collect sleep data?

Q8. What do you consider to be the most
important time scale for measuring sleep
for your research in general?

Multi-day
average
9%
Minute-by-minute

; Bed or 49% B
" Environment Rest-Activity

3% Rhythms

3%

Q9. What is the most appropriate method for determining

actual sleep onsetioffset in real-world environments? Q10. Do you collect data

related to napping?

80% -~

80% ~

Motor activity and 70%
self report

% 60% -+

50% +

Motor activity alone 40%
Brain activity, motor % 30% ~
activity, and biometrics 20% |

52% Brain activity
alone 10% .
3%
0% T

Yes Mo

Q11. What is the most appropriate
minimum period of inactivity that could
reliably be considered a nap?

21-40
minutes

Q12. What is your preferred continuous
observation period or window for
collecting data on real-world sleep?

=60 days
13%

31-60 days
6%

Figure 2. Device Preferences: Multiple Choice: Responses to Q7-Q12 regarding device preferences by number of respondents
per question. Pie slices indicate multiple-choice options and percent of respondents per question who selected this response.
Multiple choice options which were not selected by any respondent (0%) are not depicted.
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Rank order responses are depicted in Figure 3. For Q13, Total Sleep Time (TST) re-
ceived the highest ranking for information about sleep that respondents considered im-
portant to their research followed by objective sleep quality, time in bed (TIB), and sub-
jective sleep quality. Measures of sleep architecture or sleep depth and diagnostic infor-
mation (e.g., apnea-hypoxia index; AHI) were ranked the lowest out of provided catego-
ries. One respondent provided a write-in response, indicating that social activity timing
was of high importance to their research. Regarding device features which facilitated
data collection (Q14), the ability to differentiate between actual sleep and “false sleep”
(i.e., a period of low activity that mimics sleep onset but is not a sleep episode) was most
frequently ranked as having high importance, followed by data security. The ability for
subjects to self-report information other than sleep and the capacity to provide feedback
or an intervention were ranked lowest. For Q15, the top ranked factor which respond-
ents felt limited their observation period or window of data collection was battery life.
Logistics, such as receiving approval for study procedures, was ranked lowest. Four (4)
respondents provided additional comments about the use of CSTs for research. End-of-
survey comments are included in Appendix A.
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Q13.Which information about sleep do you consider mostimportantto your

research?

mLow Importance

1) Total Sleep Time

2) Objective Sleep Quality

3) Timein Bed

4) Subjective Sleep Quality

5) Subjective Sleepiness or Fatigue

oMedium Importance

oHigh Impertance

201

30 |

\ 2 |

HE
2]

10 [ 21 |

13 [ 19 |

8 |

B8) Timing of Sleep

7) Cognitive Performance

8) Sleep Onset Latency

9) Daily Sleep Intervals

10) Environmental Measures

11) Temporal Circadian Measures

il
z
2]
z]
[
4]
Z]
2]
12) Circadian Biology [J8H]

13) Sleep Depth
14) Diagnostic Information

Q14.Which features of a fieldable device orinstrument are/would be most
importantto facilitating data collection for your research?

O Low Importance @ Medium Importance OHigh Importance

1) Detecting Sleep vs. False Sleep
2) Data Security

3) Remote Data Extraction

4) Battery Life (=30 days) (5]

5) Multiple Sleep Episodes Per Day T [
) On Device Storage Capacity T [

7) Nap Detection

8) Environmental Measures 11 I 18 |

9) Recharageable Battery

10} Circadian Measures

11) Biometric Data

12) Sleep Self Report

13) Recording of Time/Clock Display
14) Accurate SOL Measurement

15) Automatic Sleep-Wake Detection
16) Performance Testing

17) Automatic Sleep Staging

18) Software Compatibility

19) Other Self Report

20) Real-time Feedback/Intervention

28 |

27 |

| 25 |

24 |

23 \
22 |

3 ]
2]

o

Q15.Which factors related to devices or instruments are mostimportantto
limiting your observation period/data collectionwindow?

B Low Importance @mMedium Importance OHigh Importance

1) Battery Life I
2) Participant Compliance

[ 18 \

3) Device Data Storage Capacity
4) Device Fees

5) Researcher Compliance
6) Logistics

Figure 3. Device Preferences: Rank Order: Mean rank order of responses to Q13-Q15 regarding device preferences by level of
importance. Items are listed on the y-axis by weighted rank, with number 1 corresponding to higher importance ranking. Bars
depict the number of responses by level of importance (low importance in dark gray, medium importance in gray, high im-
portance in light gray) for each item.

3.3. Behavioral Economic Demand

Demand curves were created for the hypothetical devices described in Table 2. De-
mand curves are depicted in Figure 4. The Gilroy et al. (2021) model of demand [31] fit
the data well, with an average R2 of 0.9847. Post Hoc Extra Sum of Squares F-tests deter-
mined a significant difference between curves for the three devices (F(2, 447)=6.01,
p=0.003). Further examination showed that Device B had significantly lower Q0 than
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Device A and C, indicating that when the devices are free, participants would “purchase’
fewer units of Device B than Device A and C. Additionally, F-tests on « values indicated
demand for Device B was significantly more elastic than demand for Devices A and C.
The essential values for Device A, B, and C were 705, 367, and 935, respectively. In rank
order, Device C maintained the highest purchasing level across prices while Device B
maintained the lowest.

Demand Curves for Hypothetical CSTs

1000+

-

@

ﬂ“? I

£ 1004 ¥

[ n_

=]

o

€

5 107

[=]

E —a— Device A, EV=T05, ,=113, R*=97
4 | = Device B, EV=367, Q.= 48, R*=98
o | =, Device c.EV=935, Q=132 Ri=.89
Tl |

0 10 100 1000 10000
Price ($)

Figure 4. Demand Curve for Hypothetical CST Devices: Group mean demand curves for Device
A, Device B, and Device C. Essential Value (EV) indicates the consumption level to be expected at
a particular price; QO is an estimate of the maximum level of demand; R2 represents the coefficient
of determination. Consumption data is shown in Inverse hyperbolic sine (IHS) units.

4. Discussion

The main aim of the survey was to establish a reliable consensus opinion from sleep
research professionals about preferred device features for measuring sleep outside the
laboratory in the context of economic demand. This is important not only to provide
guidance to CST or wearables manufacturers, but also to facilitate innovation within
sleep research methodology. The reliability of the survey results hinges on the assump-
tion that a sufficient number of subject matter experts provided responses. Survey com-
pletion was done anonymously to ensure that respondents would feel comfortable
providing honest responses, but may create skepticism about the expertise of unknown
respondents. While no identifying information was collected, respondents had to indi-
cate that they conducted sleep research related to human sleep in real-world environ-
ments in order to complete the survey. Expertise may be considered a matter of opinion;
for the purposes of this survey, included respondents were those who considered them-
selves sufficiently knowledgeable to participate.

Many findings are unsurprising, such as researchers” high ranking of the importance
of sleep duration (TST, TIB) and their interest in a device which can reliably differentiate
sleep from inactivity and provide data security (Figure 3, Q14). Accurate measurement
of sleep is a prerequisite for the use of any device in a research setting [7,32]. Moreover,
ensuring privacy and data security is required by Institutional Review Boards (IRB) in
order to conduct human research studies. However, the survey highlighted a few areas
where CSTs could make improvements. Notably, estimations of sleep depth were con-
sidered less important to respondents than almost any other information about sleep
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(Figure 3, Q14). It may be that researchers’ disinterest in sleep depth estimations are re-
lated to the fact that the majority of CSTs do not measure sleep architecture like PSG
(N1, N2, SWS, REM), but instead provide non-equivalent measures (e.g., light, deep,
REM) with little documentation with regards to the scoring criteria [33-35]. It is possible
that researchers would be more interested in sleep staging capabilities if CST systems
reliably measured PSG-equivalent sleep architecture, followed a standardized scoring
criterion, or if sleep depth estimations were shown to be robustly related to sleep health
outcomes.

While deep sleep may be connotated with superior quality, sleep depth was listed
separately from measures of sleep quality in this survey. Objective sleep quality, such as
number of awakenings, wake after sleep onset (WASQO), or sleep efficiency (SE), was
ranked by respondents as the second most important information about sleep and sub-
jective sleep quality, or the sleeper’s personal satisfaction with their sleep, was ranked
fourth. Both these measures have independently been shown to be important for health
and performance outcomes [36-40], which may explain why they were highly ranked by
sleep experts. The value of nap detection and the minimum time period required for
sleep determination is indicated by the finding that 83% of respondents collect data re-
lated to napping and a combined 96% preferred naps to be defined as a sleep event less
than or equal to 40 minutes (Figure 2, Q10-Q11). The number of times per day sleep oc-
curs (Daily Sleep Intervals; DSI) was ranked ninth in importance (Figure 3, Q13). Nap
information is important to researchers working in operational domains like shiftwork,
healthcare, or aviation. In these safety-sensitive industries, strategic napping is recom-
mended to prevent on-the-job fatigue [41-46]. Napping is also important as a health indi-
cator across all research populations [47-49]. The impact of napping on downstream ef-
fects cannot be assessed if devices do not record them.

Respondents overwhelmingly indicated that periods of inactivity shorter than an
hour could reliably be considered a nap (Figure 2, Q11). No respondents indicated that
minimum nap detection should be greater than 60 minutes. Few studies have assessed
the performance of CSTs for measuring naps and the specific parameters regarding min-
imum duration for scoring sleep are poorly communicated by CST companies [7]. A CST
(the Zulu watch) that has been validated against PSG [50] automatically detects sleep
episodes as short as 20 minutes using only accelerometry, indicating that algorithms can
be developed to detect short naps. Automatic detection of short sleep periods and multi-
ple sleep periods per day is one area in which developers could improve CSTs with re-
gards to scientific relevancy.

The importance of battery life was highlighted by a number of survey items. Battery
life was ranked as the most important factor which limited researchers’ observation win-
dow (Q15), and extended battery life (defined as greater than/equal to 30 days) was the
fourth highest ranked feature of a device which would facilitate data collection (Q14).
Having to recharge or replace the battery frequently can result in periods of missing
data during data collection. The majority of respondents (44%) preferred a continuous
data collection window between 4-14 days long based on responses to Q12. Thirty-four
percent (34%) preferred 15-30 days as an observation window. As shown in Fig. 4, eco-
nomic value and demand were greater for hypothetical devices with longer battery life
on the HPT. The findings suggest that extending battery life is another area in which
CST developers could enhance competitive value in the scientific market.

Respondents” preferences were occasionally contradictory. For example, respond-
ents preferred devices which measure sleep at the wrist (Q7), but believed the most ap-
propriate method for determining sleep onset in real-world environments was by meas-
uring brain activity in combination with motor activity and biometric data (Q9). Brain
activity cannot currently be measured at the wrist. The next most popular method of
sleep/wake determination, which was selected by 31% of respondents, was by a combi-
nation of motor activity and biometrics. This is how many CSTs determine sleep, but is
not the method used by actigraphy [15,51]. Only 7% of respondents preferred a standard
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actigraphy method for sleep-wake determination, either motor activity alone or motor
activity in combination with self-report (Q9). This finding would suggest that research-
ers actually prefer the sleep determination method used by CSTs to actigraphy.

Respondents also rated data security and remote data extraction closely with respect
to desirable features (Q14). Demand was greatest for a hypothetical device which had
options of either remote or wired data extraction, but lowest for a device that only fea-
tured remote data extraction. Remote data extraction would likely rely on wireless tech-
nology which utilizes an automatic sync function to upload data to a cloud-based or in-
ternet-enabled server. Ensuring data security through a system such as this is not impos-
sible but presents more areas of vulnerability than a wired data transfer to an offline
computer.

The behavioral economic analysis of demand curves for three hypothetical devices
provides insight into decision making behavior about purchasing CSTs for research.
HPTs are typically used to assess individual commodity demand (for example, demand
for alcohol and drugs) and their reliability and validity have been well- documented
[52,53]. The demand curves created here have demonstrated significantly lower and
more elastic demand for Device B than the other two devices. The main features that
distinguish the device with the lowest demand (Device B) and the device with the high-
est demand (Device C) were long battery life (4 days for Device B, 30 days for Device C),
and the ability to choose between extracted data wirelessly via Bluetooth or through a
wired download (USB). Long battery life was indicated as one of the most desired fea-
tures for CSTs, and short battery life was also indicated as the most limiting for research
studies. Device A featured longer battery life (30 days), and data that could be extracted
only through a USB download. There was significantly more demand for Device A than
for Device B despite the fact that Device B included more features, including sleep depth
estimation which had been validated against PSG. This finding supports the ranking of
sleep depth estimation of having low importance to sleep researchers from Figure 3.
From these data, it is likely that demand for Devices A and C were largely driven by
their longer battery life features and secure wired data extraction features.

The low importance of sleep depth scoring, and the high importance of short nap
detection, data security, and battery life is at odds with the features of the majority of
CST wearables on the market today. IBR is conducting a follow-up analysis to compare
features of currently-available devices against expert preferences. The contrast between
what scientists consider important, and what is being produced suggests a fundamental
shortcoming of the market driven approach to the design of sleep-tracking wearables.
The average consumer is not necessarily the best judge of what is important to measure
about a physiological process like sleep despite their interest in the health science aspect
of a device. This gap is also an opportunity; it is clear that the current technologies are
capable of delivering scientifically-important features. A company that orients toward
scientifically-important features would have a unique market advantage, perhaps not
just within the academic research community but the larger consumer populace as well.
The next step in this project is to determine whether the average consumer is willing to
pay more for a device with sleep-tracking features that the scientific community consid-
ers important and to measure how scientific validation or endorsement impacts hypo-
thetical demand for a sleep monitoring wearable in consumers who indicate an interest
in monitoring sleep.

Because the actual global population of sleep researchers who have expertise in data
collection outside the laboratory is unknown, the statistical power of this sample size
(N=46) is indeterminate. Great efforts were taken to recruit as many real-world sleep
experts as possible, and a variety of regions and research domains were ultimately rep-
resented (Figure 1). However, these findings are limited to a qualitative analysis. The
survey was conducted in English, which may have led to skewed demographics. An-
other limitation is that respondents were not evenly distributed across research do-
mains, precluding a comparison between domains or years’ experience regarding CST
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preferences. Respondents had, on average, 11 years’ experience conducting sleep re-
search, with 10 years being the most frequently-indicated length of experience. It is inter-
esting to note that CSTs have only been around for 10-11 years themselves [1,5]. Re-
spondents were not asked to indicate their age, level of education, or terminal degree, so
it is possible that the consensus opinions reflect those of early-career researchers. The
survey was purposely designed not to ask these questions under the assumption that
non-academic researchers, technicians, and students have a valuable perspective on real-
world data collection that should not be discounted because of their demographics or
degree status. However, an interesting follow-up study would be to evaluate the impact
of researcher status on CST preferences or the economic value of their scientific endorse-
ment.

This investigation of CSTs for sleep research purposes differs with respect to previ-
ous analyses because it focuses on the desirability of features to a sleep scientist rather
than focusing on the accuracy or validity of sleep measurement. The importance of vali-
dation testing of CSTs has been well-established in the literature [7,9-11,15], but even a
validated device may not translate to researcher desirability. Four (4) respondents pro-
vided additional feedback about CSTs in the comments section at the end (see Appendix
A). Each of these comments expresses a concern that the data are somehow invalid —
either due to arbitrary units, changing algorithms, or improper recording of sleep. While
beyond the scope of these analyses, an interesting follow-up survey would be to assess
the importance of trust and transparency in the relationship between sleep researchers
and CSTs.

Despite the growing conversation about the viability of CSTs for research, manufac-
turers may not be interested in increasing scientific accuracy in their devices unless do-
ing so is expected to result in greater consumer sales. While the global sleep tracking
device market is estimated to be worth up to $50 billion by 2027 [54], the monetary value
of scientific endorsement of a product or specific scientifically-relevant design features
has not been quantified. The next study in our project will address whether increasing
the value of a CST product within the sleep research community, backed by independ-
ent validation and endorsement, results in an increase in value of the product for the
general consumers interested in purchasing a sleep tracker.

5. Conclusions

Consensus opinion from this survey indicates that real-world sleep experts are look-
ing for an accurate and reliable multi-sensor wrist-worn device that measures sleep on an
epoch-by-epoch basis, detects sleep as short as 20 minutes, and has sufficient battery life
to record data continuously for between 4-30 days. Real-world researchers are more inter-
ested in measures of sleep duration and quality than they are in sleep depth estimation,
diagnostic information, circadian measures, or cognitive performance. The device should
be able to remotely extract data but needs to provide data security, perhaps through a
feature which allows researchers to turn off wireless capabilities. The features ranked
most highly as important to real-world sleep researchers do not align with the most prom-
inent features of currently-marketed wearables. These data provide context for further
behavioral economics analyzes to determine differences in demand for scientifically-rele-
vant CST device features between scientists and general consumers in order to inform IoT
business and development decisions.
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Appendix A: Comments

Comment 1: In my experience, the data/feedback on the device and/or accompanying
phone app need to be immediately understandable and trusted by the user. I've seen
compliance and buy-in drop off quickly when subjects don't feel like they are getting
useful or trusted data on a daily or weekly basis. If the device even misses picking up
just one or two sleep episodes or is really inaccurate (e.g., detecting sleep onset or offset
>1h from reality, or not picking up a major awakening in the night) can break trust eas-
ily, especially in the beginning stages of a study. Then subjects think its just a junk de-
vice. So having a device with immediate buy-in is huge, especially for longer-term stud-
ies (>1 week) where subjects aren't necessarily interacting with researchers daily.

Comment 2: One of the concerns that we run into with consumer products are the secu-
rity issues surrounding the pipeline for cloud-based data and the use of a participant's
phone (app-based). There is also the issue that was not explicit in the questionnaire as to
whether the raw data are available or only the consumer company provided summary
(EBE or whole night). Given that the company algorithms can change (improve!?), this
would disrupt a longitudinal study or a study conducted over multiple years.

Comment 3: Activity counts are arbitrary/meaningless units; they are undefined. Actig-
raphy is only reliable for measuring the daily timing of activity (wakefulness?). A de-
fined, unit of measure for “activity count” needs to be developed/established....like
mph, bpm. Variability in the sensitivity to same motion/movement among the same or
different devices is too great. E.g., Place 2 or more actigraphy devices on your wrist
(same Make: Model) and record simultaneously (1 min epoch) for a few hours or 24
hours. The activity count values for corresponding minutes are not similar.... not even
close. If you don’t have a unit of measure, how can you calculate/conclude anything?

Comment 4: Both actigraphy and CSTs are proxy measures of sleep and both require
significantly more work to have any confidence at all that they can reliably and accu-
rately distinguish sleep and wake.
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