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Abstract. We present an online survey study examining people’s sleep
behaviors as well as their strategies and tools to improve sleep health.
Findings show that certain demographic features and sleep behaviors may
impact sleep quality, and that current sleep technology is not as effective in
promoting sleep health as expected. We discuss the importance of under-
standing sleep behaviors, design insights for future sleep technology, and
the value of a holistic approach to sleep technology design.
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1 Introduction

Sleep plays a vital role in a person’s health and well-being, yet according to the
U.S. Centers for Disease Control and Prevention (CDC), one third of U.S. adults
regularly sleep fewer than the recommended 7 h per day [11]. To improve people’s
sleep health, researchers in health and information sciences have explored sleep
technology, broadly defined in this paper as a class of information and computing
technologies designed to help people sleep better through a range of approaches
including monitoring, measurements, and interventions.

Many of today’s commercial mobile and wearable devices enable users to
track their nightly sleep length [13,40] and sleep quality [31] with consider-
able accuracy [42]. These devices include wrist-worn activity trackers (e.g. Fit-
bit), smartwatches (e.g. Apple Watch), and smartphones that work with various
sleep tracking apps (e.g. Sleep Cycle [35], Sleep Time [3]). Existing human-
computer interaction (HCI) and health informatics (HI) research regarding sleep
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technology has largely focused on effective sleep data measurements and visu-
alization [13,15,16,23,31,40]. Some research initially explored interventions to
improve people’s sleep [4,30], but existing sleep technology still faces numerous
challenges to effectively promote sleep health [27,28,38].

Admittedly, it is impossible to design effective sleep technology without a
comprehensive understanding of people’s sleep-related behaviors. This research
contributes new knowledge to HCI and HI by surveying people’s sleep behaviors
in relation to their sleep quality, as well as a wide range of strategies and tools
they use to improve sleep health. Our findings elicit research and design oppor-
tunities for sleep technology, namely, exploring a wider range of sleep behavior
factors, providing actionable interventions and personalized sleep support, and
advocating a holistic approach for sleep technology design.

2 Related Work

2.1 Sleep Quality Assessment

The gold standard of clinical sleep quality assessment is the collection of detailed
physiological data through polysomnography [39], but polysomnography is not
only expensive but also requires participants to wear multiple obtrusive sensors.
The wrist-worn clinical alternative, actigraphy, is still too expensive for con-
sumers [7]. Most of today’s commercial sleep tracking devices largely rely on
computer algorithms to estimate sleep quality, the accuracy of which is affected
by the type and quality of embedded sensors. One validation study showed that
wrist-worn Fitbit devices had significantly lower accuracy compared to actigrahy
and polysomnography [33]. Furthermore, it is difficult to perform external and
ecological validation of commercial devices’ data accuracy [6], raising concerns
about using them as tools for clinical intervention.

Besides quantitative sleep monitoring, standard self-report measurements
developed by clinicians, such as the Pittsburgh Sleep Quality Index (PSQI) [10]
and the Epworth Sleepiness Scale [22], are valid methods to assess sleep quality.
The PSQI is a clinically-validated self-report sleep quality metric widely used
in medical sleep research [5,9,24,29]. The PSQI consists of 19 questions that
elicit sleep behavior and experience in the past month. The PSQI score ranges
from 0–21, with low values indicating better sleep quality. PSQI scores above
5 indicate poor sleep [10]. Since this research aims to explore sleep behaviors
of the general public (not only sleep technology users), we use the PSQI in our
survey as a comparable sleep metric to perform quantitative analysis.

2.2 Sleep Hygiene and Sleep Behavior

Sleep hygiene is “a variety of different practices and habits that are nec-
essary to have good nighttime sleep quality and full daytime alertness” [34],
which is also commonly used by clinicians as an important component of insom-
nia treatment [41]. The sleep medicine community has developed different sets
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of sleep hygiene rules and recommendations [2,18,21,41], covering a range of
adjustable behaviors, environmental conditions, and other sleep-related factors
that could promote sleep health. For example, the National Sleep Foundation’s
sleep hygiene recommendations [34] include limiting daytime naps, avoiding
stimulants close to bedtime, obtaining adequate physical exercise and so on.

However, there is limited data on how people adhere to sleep hygiene recom-
mendations and the effectiveness of each individual recommendation [41]. It is
time to examine a broader concept, sleep behavior, an umbrella term we use in
this paper to describe a wide range of personal practices and daily activities that
could impact a person’s sleep health. We specifically address two components of
sleep behavior, people’s sleep hygiene practices and their pre-sleep behaviors.

2.3 Sleep Technology

HCI and HI research related to sleep technology has largely focused on improving
sleep tracking and sleep data visualization with sensor-based smartphones and
wearables. Choe et al. [14] first explored opportunities for sleep tracking technol-
ogy, which lead to systems like Lullaby [23] and SleepTight [15]. Toss‘N’Turn [31]
and Sensible Sleep [16] proposed new methods to track sleep data with higher
accuracy. As sleeping tracking is considered part of personal informatics [26],
researchers have tried to incorporate persuasive technology commonly used in
personal informatics systems [1,19] into sleep tracking. ShutEye reminds users
of sleep hygiene through smartphone wallpapers [4], and SleepCoacher combines
sleep tracking with personalized advice from sleep clinicians [30].

However, more recent studies with users of commercial sleep technology
revealed considerable challenges and barriers [25,27,28,38]. Liu et al.’s [28] online
forum content analysis showed that sleep technology users had difficulty in inter-
preting and manipulating their own data. Liang and Ploderer [27] identified three
user barriers of not knowing what is healthy sleep, how to figure out reasons for
poor sleep, and how to act. Ravichandran [38] discovered that the feedback pro-
vided by sleep technology did not match evidence-based methods to promote
sleep health. Against the backdrop of these challenges and barriers, we take a
broader perspective to examine a wide range of strategies and tools people use
to improve sleep health, including all behavioral, procedural, or technological
approaches to improve sleep health, which is not limited to sleep technology.

3 Study Design and Methods

3.1 Research Questions

This research aims to answer two research questions (RQs):
RQ1: How well do people sleep in relation to their sleep behaviors?

This research question explores behavioral predictors for sleep quality. Among a
wide range of sleep behaviors that may affect sleep health, we specifically focus
on people’s sleep hygiene practices and pre-sleep activities.
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RQ2: What are people’s experiences with strategies and tools to
improve sleep health? This research question investigates the types of strate-
gies and tools being used and people’s perceived effectiveness of them. Note that
sleep technology is a subset of these strategies and tools.

3.2 Questionnaire Design and Recruitment

Our survey questionnaire included three parts: (1) Background questions to
collect some demographic features of participants; (2) Questions to address
RQ2, which focused on participants’ sleep in the past month using the 19-item
PSQI [10] to measure participants’ sleep quality, and additional close-ended and
open-ended questions on a range of activities that could impact their sleep qual-
ity; (3) Questions to address RQ2, which included both close-ended and open-
ended questions on strategies and tools participants used to improve sleep health
and the perceived effectiveness of them.

We used a convenience sample by recruiting participants via Amazon
Mechanical Turk (MTurk). A recent sleep research paper showed that partic-
ipants recruited from online platforms (e.g. MTurk) and from a college campus
reported similar PSQI score distributions [8], so MTurk could be a reasonably
general participant pool for sleep research despite certain unavoidable biases.
To be eligible, participants must be at least 18 years old and live in the United
States. Participants each received 50 U.S. cents upon completion of the survey.

3.3 Data Analysis Methods

Qualitative Data Analysis. We analyzed participants’ textual responses to
the open-ended questions using iterative thematic analysis [20]. For each ques-
tion, two of the authors first coded all responses independently and then merged
their codes to create an initial codebook. Next, they discussed coded data to rec-
oncile conflicts in their coding schemes, generated a finalized codebook, and then
consistently re-coded the responses. The research team then conducted iterative
affinity diagramming [37] to identify high-level themes derived from the coded
data. Note that the affinity diagramming results on pre-sleep activities are used
as independent variables for our quantitative analysis.

Quantitative Data Analysis. We used descriptive statistics to report quan-
titative data collected through close-ended questions, such as PSQI scores and
Likert-type scale ratings. To answer RQ1, we ran regression analysis using a
mixed linear model in the Python module StatsModels [36] to identify potential
predictors for sleep quality. We used PSQI scores as the dependent variable and
tested various independent variables, including 5 demographic features (age,
gender, education level, occupation, work schedule), 9 sleep hygiene practices
summarized from related work [2,34,41], and 12 categories of pre-sleep activi-
ties from the qualitative data analysis. To investigate RQ2, we ran additional
between-groups t-tests using PSQI scores as the dependent variable to validate
participants’ perceived effectiveness.
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Fig. 1. Distribution of participants’ PSQI scores. PSQI> 5 indicate poor sleep quality.
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Take medicine
Reduce caffeine/nicotine/alcohol intake

Improve sleep environment
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Not during the past month Less than once a week Once or twice a week Three or more times a week Daily

Fig. 2. Participants’ (N = 200) adherence to recommended sleep hygiene practices.

4 Results

We received 200 survey responses. Of the participants 53.5% were female. The
median age was 33 (range: 18–70). Almost all participants (99%) had graduated
from high school, with 49% of them having a Bachelor’s degree.

4.1 RQ1: Sleep Quality in Relation to Sleep Behaviors

Sleep Quality. We computed participants’ PSQI scores and the distribution
is shown in Fig. 1. The sample mean is 6.375 (SD = 4.1, Median = 5), meaning
near half of the participants reported poor sleep quality (PSQI> 5). This PSQI
score distribution also resembles that reported in a clinical research study from
a community sample [9], indicating our MTurk sample is reasonably valid.

Sleep Behaviors. We focused on two aspects of sleep behaviors: sleep hygiene
practices and pre-sleep activities. For sleep hygiene practices, we asked par-
ticipants how often they adhere to 9 sleep hygiene practices recommended by
clinicians. Figure 2 shows the results. Overall, participants’ adherence to these
practices was low. Only the two most popular practices (“establish a regular
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Fig. 3. Affinity diagram of 12 categories of pre-sleep activities.

bedtime routine” and“avoiding napping during the day”) had over 50% of par-
ticipants reporting different levels of adherence during the past month being
surveyed. For pre-sleep activities, we asked participants what they do during
the 30 min before going to bed with the purpose to explore potential behavioral
factors that affect sleep quality. Participants reported 1.98 pre-sleep activities
on average (max = 7) based on our qualitative analysis.

The affinity diagramming process surfaced 12 categories of pre-sleep activi-
ties. In Fig. 3, the categories are arranged from sleep conducive to sleep-adverse
vertically and by the increasing degree of cognitive effort horizontally. For each
category, the circle size represents the frequency of pre-sleep activities reported.
For example, watching TV was the most dominant activity (41.5%). The num-
ber inside each circle and the color of the circle represent the average PSQI
score of participants who reported pre-sleep activities of the category. The dia-
gram shows that house chores, sleep preparation, and reflection were associated
with better sleep quality (average PSQI< 5), while work, reading, and listening
to music, radio, or podcasts were associated with poorer sleep quality (average
PSQI> 5). It is worth noting that almost a quarter of participants reported using
mobile devices during the 30 min before bedtime, which suggests an opportunity
for mobile-based interventions to improve sleep health.

Predictors for Sleep Quality. Our regression analysis revealed a few predic-
tors (p < 0.05) for sleep quality. None of the 12 pre-sleep activities are predictors
for PSQI scores. Among 9 recommended sleep hygiene practices, only “take
medicine” is a predictor for high PSQI scores. Interestingly, a few demographic
features turned out to be statistically significant. Age is a predictor of higher
PSQI scores, showing a gradual decrease (coefficiency = .102) in sleep quality as
people age, but being“retired” in occupation indicates a significant improvement
in sleep quality (coefficiency = −5.706). Furthermore, having a rotating shift in
work schedule is a significant predictor of high PSQI scores, which is consis-
tent with prior studies showing that shift workers have poor sleep quality [32].
Overall, most of the sleep behavior factors that we tested did not significantly
impact participants’ PSQI scores. This could mean the sleep behavior factors
tested were not comprehensive enough or the sample size was too small.
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Fig. 4. Affinity diagram of 12 useful strategies and tools to improve sleep health.

4.2 RQ2: Experiences with Strategies and Tools for Sleep Health

Useful Strategies and Tools. We asked participants to describe the most
useful strategies and tools they have used to improve their sleep. Participants
reported 1.57 strategies and tools on average and we identified 12 major cate-
gories through affinity diagramming. As show in Fig. 4, categories are arranged
by two dimensions indicated in the diagram. The circle size represents the fre-
quency of that category, where the top two strategies and tools are mind and/or
body relaxation (25%) and maintaining a regular sleep schedule (22%). The num-
ber inside each circle and the color of the circle represent the average PSQI score
of participants who reported each category. Interestingly, those who reported
using sleep tracking technology had highest PSQI scores among 12 categories.

Most of these useful strategies and tools are in accordance with general sleep
hygiene recommendations [2,34] with a few exceptions. It is recommended one
should avoid screens before sleep, which is opposed to those participants who
reported relaxing with media. Additionally, no participants mentioned “ensure
adequate exposure to natural light” [34] as a strategy. It is possible participants
did not explicitly associated environmental factors such as sunlight exposure
during the day with sleep quality.

Experiences with Useful Strategies and Tools. We asked participants to
rate the effectiveness of the strategies and tools they described on a 7-point scale
(1 = very ineffective, 4 = neutral, 7 = very effective) and explain their ratings. 174
participants (M = 6.01, SD = 3.90) rated the effectiveness of their strategies and
tools positively (rating =≥5), while 26 (M = 8.85, SD = 4.45) rated their strate-
gies and tools neutral or ineffective (rating ≤ 4). The PSQI scores are significantly
lower in the first group (t-test: t(198) = 3.38, p ≤ .01, r = .68), possibly because
people with poor sleep quality tend to regard their current strategies and tools
as ineffective.

Among participants who reported relaxing with media against the sleep
hygiene recommendations, a t-test showed no significant difference in PSQI scores
between participants who positively rated the effectiveness of the strategy (rat-
ing≥ 5, M = 7.29, SD = 4.36) with the rest of the group (M = 6.21, SD = 4.01),
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Table 1. Participants’ (N = 38) sleep technology use and perceived effectiveness

Sleep technology N Ratings mean Ratings median Ratings STD

Wrist-wore sleep tracker 17 2.82 3.0 1.5

Sleep-tracking alarm apps 8 3.75 3.5 0.83

Calming sounds/noise apps 4 5.25 5.5 0.83

Sleep-tracking apps 3 3.0 3.0 0.82

Blue light filter 3 2.67 3.0 1.25

Phone 2 4.0 4.0 1.0

Hypnosis apps 1 4.0 4.0 0.0

despite the first group’s slightly higher average PSQI score. This indicates avoid-
ing screens may not be a clearcut sleep hygiene practice for everyone.

Noticeably, among participants who positively rated the effectiveness of their
strategies and tools, we found that many of their pre-sleep activities departed
from the strategies and tools they deem useful. For example, 80% of those who
considered avoiding screens before sleep useful reported using electronic devices
before sleep. Only 20% of the those who described mind/body relaxation as the
best strategy actually mentioned that as a pre-sleep activity. The most consis-
tent strategy was relaxing with media, for which 72.7% also reported reading,
watching TV or listening to various media before sleep.

Sleep Technology Use and Perceived Effectiveness. Since this research
aims to explore opportunities for sleep technology, we asked sleep technol-
ogy users in our sample to rate the effectiveness of such sleep technol-
ogy using the same 7-point scale and explain their ratings. 38 (19%) par-
ticipants reported having used some types of sleep technology. Participants
(M = 31.2, SD = 7.11) who reported having used sleep technology were signif-
icantly younger (t-test: t(198) = 3.01, p < .01, r = .62) and female dominated
(χ2-test: χ2(1, N = 200) = 5.16; p = .02, r = .37) than the rest of our sample
(M = 37.3, SD = 11.9). A t-test shows no significant difference in PSQI between
participants who reported having used sleep technology and those who did not,
suggesting that sleep technology use does not necessarily improve sleep qual-
ity. Table 1 shows the 7 types of sleep technology participants reported and their
effectiveness ratings. Surprisingly, a wrist-worn sleep tracker is the most common
sleep technology, yet it has the second lowest effectiveness ratings. We further
present qualitative results to explain the rationale for participants’ effectiveness
ratings below.

Calming sounds or noise apps has the highest effectiveness rating. One par-
ticipant pointed out: “I think it blocks out the silence and other noises in the
house that disturb me. It makes a consistent sound I can fall asleep, too.” Par-
ticipants who positively rated the effectiveness of their sleep technology also pro-
vided other reasons, including “increases sleep awareness,” “helps fall asleep,”
and “helps waking up.” On the other hand, despite the increasing popularity
of sleep tracking devices, wrist-worn sleep trackers, sleep-tracking alarms, and
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sleep-tracking apps all received low ratings on effectiveness. The top reasons
participants gave for rating these technologies as ineffective are “information
only, no advice” and “inaccurate tracking.” One participant further noted about
a wrist-worn sleep tracker: “It only tells me how I slept, not how to fix it.”

5 Discussion and Implications for Sleep Technology

5.1 Understanding Sleep Behavior Is Key

Though our regression analysis identified few sleep behavior factors that strongly
impact PSQI scores, our qualitative data analysis revealed that certain pre-sleep
activities and useful strategies and tools are associated with sleep quality. These
initial results call for future research to examine a wider range of sleep
behavior factors and develop a deeper understanding of how these
factors influence sleep health. For example, we could extend the time range
(30 min in this study) for pre-sleep activities to explore more behavioral factors.
Also, we found participants’ pre-sleep activities often depart from the useful
strategies and tools they reported, indicating opportunities for targeted sleep
interventions through persuasive technology [17]. Furthermore, the significant
demographic features, including work schedule and retirement, urge us to con-
sider people’s relevant activities during the day as sleep behavior factors. Only
by understanding how sleep behavior factors impact sleep health can we develop
effective sleep technology that could steer people away from sleep-adverse habits
and promote sleep-conducive behaviors – at night or even during the day (e.g.
monitoring and cautioning about caffeine and alcohol intake).

5.2 Actionable Interventions and Personalized Sleep Support

The findings on perceived effectiveness of sleep technology indicate that sleep
tracking technology increases users’ awareness of their sleep behaviors but does
not help them form actions to improve sleep health, which resonates with recent
sleep technology [27,38] and personal informatics [1,19] research that emphasize
interventions for behavior change. Future sleep technology should not only focus
on accurately tracking sleep-related data, but also help users understand
issues in their sleep behaviors and provide actionable interventions to
improve their sleep health. The various sleep behaviors and useful strate-
gies and tools reported by participants call for personalized sleep support.
Personalization is not a new concept in personal informatics, but current sleep
technology often takes the easy path: ShutEye [4] uses general sleep hygiene
recommendations; SleepTight [15] uses self-reflection as personalization. Lever-
aging data collected by various personal informatics devices and self-reporting
measures can help us understand how certain sleep hygiene recommendations
could affect different individuals in order to tune and refine intervention designs.
Specifically, we should make sure that sleep support recommendations are
truly actionable. For example, even though shift schedule often leads to poor
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sleep quality, maintaining regular bedtime is not a feasible recommendation for
shift workers. In this case, advanced machine learning models trained by vari-
ous personal and contextual factors could help generate smarter sleep support
recommendations for each individual user.

5.3 A Holistic Approach to Sleep Technology Design

The sleep technology use ratio (19%) in our sample is similar to the ratio (18%)
Choe et al. observed in 2010 [14], despite the recent rapid growth of commer-
cial devices with sleep tracking functions. As an implication, researchers should
not only examine current users of sleep technology and their needs but also
investigate how sleep technology could be designed to support current non-
users to increase adoption. For example, sleep technology users are significantly
younger than non-users in our sample, which suggests future design space for
sleep technology to better support the needs of the elderly population.

Another contribution of this research is the identification of 12 categories of
strategies and tools considered useful by participants. Since sleep technology is
a subset of the full range of strategies and tools being examined, this research
generates more comprehensive insights than existing work only focusing on sleep
technology users [27,28,38]. Many participants still largely rely on traditional
strategies and tools to improve sleep health, such as following sleep hygiene
practices or developing their own bedtime routines. This finding underscores the
importance to integrate sleep technology into existing strategies and
tools proven to be useful for current non-users. Future sleep technology
should provide novel solutions to enhance existing useful strategies and tools, for
example, integrating calming sounds/noise apps into smart home devices such
as Amazon Echo to promote sleep health.

6 Conclusion

We conducted an online survey with 200 participants exploring their sleep behav-
iors to shed light on future sleep technology. We found that certain demographic
features (e.g. age, occupation, schedule) and sleep behavior factors (e.g. medi-
cation) may impact sleep quality, and that current sleep technology is not very
effective in promoting sleep health. We discussed the importance of further inves-
tigation into sleep behaviors, the design opportunities for actionable interven-
tions and personalized sleep support, as well as the value of a holistic approach
to sleep technology design.

As most studies, this research has some limitations. Supplementing self-
reported PSQI scores with other quantitative measurements for sleep quality
could shed some additional light on how well people sleep. As has been reported
by other researchers [12], there are some limitations to relying solely on data
collected via MTurk, including unavoidable sampling biases. Third, we acknowl-
edge that a larger dataset would likely help in building a more robust regression
model. Despite these limitations, we were able to shed light on people’s sleep-
related behaviors and opportunities for new, more effective sleep technology.
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