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Although sleep apps are among the most popular commercially available health apps, little is known about how
well these apps are grounded in behavioral theory. Three-hundred and sixty-nine apps were initially identified
using the term “sleep” from the Google play store and Apple iTunes in September 2015. The final sample
consisted of 35 apps that met the following inclusion criteria: 1) Stand-alone functionality; 2) Sleep tracker or
monitor apps ranked by 100+ users; 3) Sleep Alarm apps ranked by 1000+ users; and 4) English language. A
coding instrument was developed to assess the presence of 19 theoretical constructs. All 35 apps were
downloaded and coded. The inter-rater reliability between coders was 0.996. A “1” was assigned if a construct
was present in the app and “0” if it was not. Mean scores were calculated across all apps, and comparisons
were made between total scores and app ratings using R. The mean behavior construct scores (BCS) across all
apps was 34% (5% - 84%). Behavioral constructs for realistic goal setting (86%), time management (77%), and
self-monitoring (66%) were most common. Although a positive association was observed between BCS and
user ratings, this was not found to be statistically significant (p N 0.05). The mean persuasive technology score
was 42% (20% to 80%), with higher scores for paid compared to free apps (p b 0.05). While the overall behavior
construct scores were low, an opportunity exists to develop or modify existing apps to support sustainable sleep
hygiene practices.
© 2017 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Recent estimates from the Centers for Disease Control and Preven-
tion (CDC) indicate that N30% of Americans report sleeping less than
the recommended 7 h per night (Liu et al., 2016). The inability to
meet nightly recommendations for sleep may increase an individual's
risk for several adverse health outcomes, including heart disease, over-
weight and obesity, impaired cognitive functioning, and depression,
among others (Altevogt and Colten, 2006; Gallicchio and Kalesan,
2009; Grandner et al., 2014; Liu et al., 2013). Poor sleep also negatively
impacts theUnited States (US) healthcare system. In 2010, an estimated
$65 to $165 billion (Mckinsey and Company, 2010) was spent to treat
moderate-to-severe obstructive sleep apnea, and the average individual
cost to treat insomnia syndromewas $5010 (Daley et al., 2009). Conse-
quently, population-based efforts to encourage good sleeping habits are
important for reducing this public health burden.

There is emerging consensus that mobile technology and apps have
the potential to support health behavior change to reduce chronic dis-
ease risk associated with lifestyle factors such as healthy nutrition,
ssaint).
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physical activity, and sleep (Tate et al., 2013; Hingle et al., 2010;
Knowlden et al., 2012; Staniford et al., 2011; Schoffman et al., 2013).
Apps have the unique ability to be highly accessible due to their ubiqui-
ty, personal nature, and programming flexibility (e.g., automated sen-
sors) (Tate et al., 2013). Compared to static data collection efforts (e.g.,
self-reported surveys), mobile technology and apps also allow re-
searchers to collect data in real-time, thus providing immediate, useful
information for tailoring health interventions. Given recent estimates
that approximately 72% of Americans report owning a smartphone
(Aaron, 2015; Poushter, 2016) and that roughly 20% download health
apps on their phones (Fox andDuggan, 2012), this provides an excellent
opportunity to reach individuals at risk for poor sleeping habits. In fact,
Terry (2015) approximates that although 16% of physicians currently
prescribe health apps, this figure is predicted to increase to 46% within
the next five years. Proponents of the “quantified self” movement also
argue that health tracking empowers patients to take charge of their
health routines (Van den Bulck, 2015), and allows for the potential for
personalized interventions and support outside of the physician's office
(Higgins, 2016).

Although sleep apps are among the most popular commercially
available health apps, little is known about how well these apps follow
evidenced-based guidelines or are grounded in behavioral theory.
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Moreover, most studies examining the role sleep apps play in sleep be-
haviors have focused on comparisons in measurement accuracy be-
tween laboratory methods such as polysomnography and
accelerometer-based apps to track sleep patterns (Bianchi, 2015; Ko et
al., 2015; Bhat et al., 2015). As Bianchi (2015) argues, however, an op-
portunity exists to educate consumers about sleep medicine and well-
ness using sleep apps. We present an analysis of the incorporation of
theoretical constructs of behavior change in popular sleep apps created
for smartphones using Android and iOS platforms. Adherence to recom-
mended guidelines has been correlated with the popularity of apps
based on user ratings for smoking cessation apps (Abroms et al.,
2013), but this correlation was not found for weight loss and physical
activity apps (Schoffman et al., 2013; Pagoto et al., 2013). As evidence-
based apps have been shown to be the least popular among consumers
(Pagoto et al., 2013), however, we also examine the persuasiveness of
the apps, as we are interested in both the usability (e.g., app interface),
as well as the integration of behavioral constructs. To this end, we
reviewed theories that have been successful for diet and physical activ-
ity interventions such as the trans-theoretical model, the health belief
model, the theory of planned behavior, and social cognitive theory
(Van Dorsten and Lindley, 2011). As Azar et al. (2013) note, it is imper-
ative to also examine contemporary theories which incorporate the in-
fluence of technology on health behaviors, such as the Fogg Behavioral
Model (FBM) of persuasive design (Fogg, 2003, 2009). The FBM posits
behavior change is predicated on howwell design elements of a partic-
ular technologymotivates an individual to use their ability to respond to
triggers to modify behaviors (Fogg, 2003, 2009). The specific questions
we hope to address with this study are: 1)Which theoretical constructs
are commonly included in sleep apps? 2) Is there an association be-
tween the presence of behavioral constructs and the popularity of the
apps? We hypothesize that apps with more behavioral constructs will
provide better evidence for app developers to make informed decisions
regardingwhich behavioral constructs to include in the sleep app devel-
opment process.

2. Methods

2.1. Study design

This study is a descriptive analysis of the most downloaded and
reviewed sleep apps found in the iTunes App Store and the Google
Play Store in September 2015. Following the work of Azar et al.
(2013), we examined theoretical constructs typically used in behavioral
interventions for other lifestyle factors, such as physical activity. Specific
examples of the integration of constructs can be found in Table 1. We
also used the “persuasive technology score” (PTS) developed by Azar
et al. (2013) based on the Fogg Behavioral Model (FBM) (Fogg, 2003;
Fogg, 2009) which examines the role of technology in motivating be-
havior change. Specific aspects of the FBM that were considered as
part of the app review process were motivators (e.g., praise or encour-
agement), features that improve the ability of individuals to engage in
a specific behavior (e.g., tailored information), and triggers (e.g., posi-
tive feedback) to encourage the promotion of a particular behavior.

2.2. App selection process

App selection and review occurred in September 2015. Apps were
selected from the Google Play Store (N = 272) and the Apple iTunes
Store (N = 97) using the term “sleep.” Three-hundred and sixty-nine
apps were initially identified. However, 39 apps were found in both
the iTunes App Store and Google Play Store, resulting in 330 unique
apps. Forty-seven apps were selected based on the following criteria:
1) sleep monitor/tracker apps downloaded by 100+ reviewers; and
2) sleep alarms downloaded by 1000+ reviewers. Apps were excluded
if they: 1) did not have stand-alone functionality (e.g., not part of anoth-
er app), 2) duplicated free apps; 3) were used for meditation; 4) were
used for babies; 5) were not English language; or 6) were found not to
be actual sleep apps. The final sample for review consisted of 35 apps.
Eighty percent (28) of the apps were free, while 20% (7) were paid,
with an average price of $2.10 ($0.99–$4.99).

2.3. Evaluation criteria

A coding instrumentwas developed to assess the presence of 19 the-
oretical constructs in the following five categories: 1) knowledge (N=
1); 2) cognitive strategies (N = 6), 3) behavior strategies (n = 8), 4)
emotion-focused strategies (N = 2), and 5) therapeutic interventions
(N=2). In addition, a persuasive technology score (PTS)was calculated
based on the following categories: 1) motivation (N= 2), 2) simplicity
(N = 1), and 3) trigger (N = 2). All 35 apps were downloaded and
coded to evaluate content. The inter-rater reliability between coders
was 0.996. A “1” was assigned if a construct was present in the app
and “0” if it was not. Mean scores were calculated across all apps, and
comparisons were made between total scores and app ratings using R
(R Core Team, 2015). The maximum behavioral construct score (BCS)
possible was 19, while the maximum PTS was 5, for a total maximum
score of 24. App reviewer scores from the Google Play Store and Apple
iTunes were typically on a scale from 0 to 5, with 5 being the highest
rating.

2.4. Data analysis

Mean BCS, PTS, and standard deviations were calculated across all
apps, and comparisons were made between total scores and user app
ratings using the R statistical program version 3.1.3 (R Core Team,
2015). A Pearson's correlation coefficient was calculated to examine
the association between app ratings by users and mean BCS and PTS.
Mean BCS and PTS were also compared between paid and free apps.

3. Results

High interrater reliability was observed for both BCS (99.91%) and
PTS (99.94%) between coders. The mean BCS across all apps was 34%
(SD, 21%; range, 5% to 84%). Behavioral constructs for realistic goal set-
ting (86%), time management (77%), and self-monitoring (66%) were
most common. iOS apps (33%) had higher BCS compared to android
apps (30%), and a positive association was observed between BCS and
user ratings, but neither was found to be statistically significant
(p N 0.05). The mean PTS across all apps was 42% (SD, 22%; range, 20%
to 80%). Factors that contributed most to the persuasiveness of the
app were the user interface (94% of all apps) and the provision of posi-
tive feedback (54%). Mean PTS was higher for iOS (40%) compared to
Android (36%), but this was not found to be significant (p b 0.05). A
high Pearson's correlation coefficient (r = 0.907) was observed be-
tween the app review ratings and the BCS. Paid apps had slightly higher
BCS and PTS compared to free apps (Fig. 1), but this differencewas only
significant for PTS.

4. Discussion

Our study represents one of the few to examine the incorporation of
behavioral constructs in sleep apps.Whilemost studies examining sleep
apps have focused primarily on comparisons with laboratory proce-
dures, such as polysomnography (Bhat et al., 2015), a limited number
have explored the role of apps as tools for behavior change. We found
that constructs from the social cognitive theory were the most aligned
with the apps examined. App developers have incorporated tools for re-
alistic goal setting, time management and self-monitoring which could
be beneficial to individuals with diagnosed sleep disorders. Additional-
ly, wewere encouragedby the association between user ratings and BCS
and PTS, suggesting that the most popular apps are also well-designed
for encouraging healthy sleep hygiene. This also bodes well for future



Table 1
Description of theoretical constructs and persuasive technology components for sleep apps, N = 35.

Construct Description Number of apps (%)

Knowledge: 1 item
1. General information about sleep General information about sleep 15 (43%)

Cognitive: 6 items
2. Perceived benefits (pros)/information about benefits Benefits of sleep 4 (11%)
3. Perceived barriers (cons)/information about perceived barriers Barriers to sleep (food, daily habits) 5 (14%)
4. Perceived risks/information about risks Risk associated with insufficient sleep (physiological, emotional negative effects) 4 (11%)
5. Self-efficacy Confidence about sleep control (time, amount) 13 (37%)
6. Self-talk Quote, catchphrase, maxim 5 (14%)
7. Perceived social norms Optimal sleep duration 13 (37%)

Behavioral: 8 items
8. Self-monitoring Tracking sleep patterns and time 23 (66%)
9. Realistic goal-setting Specific goals for better sleep 30 (86%)
10. Time management Managing sleep time 27 (77%)
11. Stimulus-control (cues and prompts) Reminder messages for sleep 6 (17%)
12. Self-reward Praise, reward points 1 (3%)
13. Social support Posting on Social Network System (SNS) (e.g. amount of sleep) 14 (40%)
14. Modeling/vicarious learning Positive Imagery related to sleep hygiene, current user's commentary 6 (17%)
15. Relapse prevention Guidance for getting back on track to meet goals 4 (11%)

Emotional focused: 2 items
16. Stress management Reduce and decease stress factors 17 (49%)
17. Negative affect management Managing negative effect of poor sleep habits 13 (37%)

Therapeutic intervention: 2 items
18. Skill building/overview Evaluation of sleep patterns 19 (54%)
19. Increasing knowledge Better understanding about sleep 10 (29%)

Persuasive Technology Component Description Number of apps (%)

Motivation: 2 items
1. Social praise Social Network System (SNS) (e.g. amount of sleep) 14 (40%)
2. Provides non-financial incentives Praise 1 (3%)

Simplicity: 1 item
3. Provides decreased barriers User friendly design (e.g. icons, interface) 33 (94%)

Trigger: 2 items
4. Provides positive feedback Evaluation, overview, commentary 19 (54%)
5. Provides automatic reminders/cues Reminder messages for sleep 6 (17%)
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integration of additional behavioral constructs for sleep apps. It is still of
concern, however, thatmany of the constructs are not included inmany
apps currently on the market. Notwithstanding, these findings are con-
sistent with similar studies that have found limited integration of
Fig. 1. Comparison of Behavior Construct Score (BCS) and Persuasive Technology Score
(PTS) between Paid and Free Apps.
behavioral constructs for other apps targeting lifestyle behaviors (Azar
et al., 2013; Crane et al., 2015).

While our study suggests future development of mobile phone apps
integrating behavioral constructs could positively influence sleep be-
haviors, it is also worth noting that the use of technology close to bed-
time has been shown to adversely impact sleep. Chang et al. (2015)
for example, found that using light emitting devices (LED) (e.g.,
eReaders) before bedtime disrupts one's circadian rhythm. Additionally,
the positive impact of sleep on one's cognitive functionmay be impaired
after the use of LEDs at bedtime, specifically limited alertness (Chang et
al., 2015). The presence of a smart phone in a bedroom has also been
shown to disrupt sleep among adolescents (Adachi-Mejia et al., 2014).
Since smart phones and other LEDs are commonly found in bedrooms,
however, an opportunity still exists to encourage better sleep hygiene.
Additional functions of sleep apps may include features that shut off
phones once an alarm is set tominimize light exposure, or the disabling
of notifications of text messages to minimize sleep disruption.
5. Strengths and limitations

Although our results are somewhat encouraging, we did not down-
load and examine actual sleep data entered into the app by users. There-
fore, our app review may not accurately reflect the manner in which
actual users will interact with the app in the future. New apps are also
constantly being added to the iOS and Android platforms, so our analy-
sis may not reflect the current sleep app landscape. Moreover, the small
sample size precludedmore advanced statistical analysis. To our knowl-
edge, however, there are no other studies that have systematically

Image of Fig. 1
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examined the integration of behavioral constructs of sleep apps on iOS
and android platforms.

6. Conclusions

Mobile technology and apps have the potential to shape behaviors
related to healthy sleep habits. While few of the apps examined includ-
ed features to support behavior change, anopportunity exists to encour-
age sustainable sleep hygiene practices using mobile phones.
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