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Abstract

Obijective: Night-time wakening with asthma symptoms is key to assessment and therapy decisions, with
no gold standard objective measure. The study aims were to 1) determine the feasibility, 2) explore
equivalence, and 3) test concordance of a consumer-based accelerometer with standard actigraphy for
measurement of sleep patterns in women with asthma as an adjunct to self-report.

Methods: Panel study design of women with poorly controlled asthma from a university-affiliated
primary care clinic system was used. We assessed sensitivity and specificity, equivalénceand
concordance of sleep time, sleep efficiency, and wake counts between the consumer-based accelerometer
Fitbit Charge™ and Actigraph wGT3X+. We linked data between devices for comparison both
automatically by 24-hour period and manually by sleep segment.

Results: Analysis included 424 938 minutes, 738 nights, and 833 unigue sleep segments from 47 women.
The fitness tracker demonstrated 97% sensitivity and 40% specificity to identify sleep. Between device
equivalence for total sleep time (15 and 42-minute threshold) was demonstrated by sleep segment.
Concordance improved for wake counts and sleep efficiency when adjusting for a linear trend.
Conclusions: There were important differences in total sleep time, efficiency, and wake count measures
when comparing individual sleep’segments versus 24-hour measures of sleep. Fitbit overestimates sleep
efficiency and underestimates wake counts in this population compared to actigraphy. Low levels of
systematic bias indicate the potential for raw measurements from the devices to achieve equivalence and
concordance.with additional processing, algorithm modification, and modeling. Fitness trackers offer an
accessible and inexpensive method to quantify sleep patterns in the home environment as an adjunct to
subjective reports, and require further informatics development.

Keywords: asthma, actigraphy, fitness tracker, sleep disruption, women
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Background

Poorly controlled asthma has an estimated $80 billion per year impact on the US economy,
highlighting the public health need for increased monitoring and preventative intervention.(1) Night-time
wakening with asthma symptoms is a key indicator of disease control and severity, and provide an essential
cue for self-management, behavior modification, healthcare utilization, and therapy adjustments.(2) Of the
8% of the population who currently have asthma, an estimated 24% had difficulty staying asleep in the
prior month because of asthma.(3) Asthmatic airway obstruction often worsens at night, dug to:a complex
interplay of factors such as cough suppression, hormonal changes, increased inflammatory.mediator
release, and airway resistance.(4) The prevalence and severity of adult asthma dispropertionately affects
women compared to men, with higher death rates,(5) emergency(6) and inpatient care utilization.(7)
There is a paucity of research to identify clinically relevant differences iniobjectively measured sleep
disruption in those with asthma, as exists with sleep disorders/orself-reported asthma-specific
awakenings.(9-11) While standard care is based on the self-report of asthma-related awakenings,(2) the
ability to objectively quantify sleep patterns isqpromising as a real-time, adjunct, surveillance method for
assessing disease control and severity in the future.(9)

There is no gold standard for.an‘objective adjunct to measure asthma-specific wakening. While
asthma-specific wakening is not.an indication for polysomnography (PSG), PSG is the gold standard to
measure sleep states and stages‘related to sleep-disorders and sleep disordered breathing. PSG is
impractical for long-term home use, and related measures of respiratory effort and desaturation have not
been linked to,the clinical presentation of asthma exacerbation.(11) Actigraphy uses an accelerometer to
measure movement, worn on a limb or the hip. The Actigraph GT3X+ (Actigraph Corporation, Pensacola,
Florida) is one of the most commonly used actigraphy devices in clinical and epidemiology research.(12,
13) The device has demonstrated validity, reliability,(12) and the ability to measure sleep patterns that
predict health-related outcomes in several populations, including healthy adults,(12) diabetic adults,(14)
cancer survivors,(15) community-dwelling older adults,(16) and children.(17) Actigraphy devices have

been used to measure sleep patterns in the adult and child asthma population,(10) demonstrating greater
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accuracy in healthy controls, and the ability to distinguish worsened sleep patterns in those with
asthma.(18, 19) Standard actigraphy devices are 5-10 times the cost of consumer-based fitness
trackers.(20) While there are several generations of consumer fitness tracker products, Fitbit® fitness
trackers demonstrate consistent performance for health-related measures.(12, 21-24) When PSG, standard
actigraphy, and the Fitbit were compared as tools to measure sleep duration and efficiency, the Fitbit
demonstrated inter-device reliability (.97-.99), was slightly more sensitive in measuring the presence of
sleep than standard actigraphy (91-98% sensitivity), but less specific to measuring short-duration
awakening.(20, 24) Fitbit has been validated with actigraphy in short-term studies in several
populations,(12, 20, 22, 24) but there is a gap in evidence for use in women withasthma. Thus, because
there is no indication to utilize PSG to measure asthma-specific wakening, and previous study has
established comparisons among PSG, Fitbit, and actigraphy devices-n several populations, we utilized
actigraphy as the ground-truth objective adjunct for our study.
Objective

We explored feasibility, equivalence and concerdance of the consumer-based accelerometer,
Fitbit Charge™ (Fitbit, Inc.®, Pensacola, Florida) with standard actigraphy, Actigraph wGT3X+
(Actigraph Corp., Boston, Massachusegtts).for the objective measurement of sleep patterns in women with
poorly controlled asthma. Specifically, we tested total sleep time, sleep efficiency, and wake count
measures.

Materials and Methods

Subjects and. Setting

Fifty-one women with poorly controlled asthma provided written consent to be included in this
study, which utilized an observational, repeated measures panel design from February to September of
2016. An a priori sample size of 50 was determined to enable adequate power for medium effect sizes in
the repeated measures analyses or to adequately correct for missing data. Institutional Review Board
approval was obtained. Participants were recruited from an Erie County, New York, university-affiliated

primary care clinic system. A recruitment dataset was created from the electronic medical record
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repository, composed of women, ages 18-64 years with an asthma international diagnoses code (ICD-9) of
493.xx on the active problem list who had attended the clinic system for care within three years preceding
the beginning of the study. Those with a current diagnosis of obstructive sleep apnea in the active problem
list of the medical record repository or who lived along the less populated perimeter or outside the county
(for scheduling and budget reasons) were excluded. During telephone screening, potential participants
were included if they had an Asthma Control Test (ACT) score < 21,(25) and had access to a mobile
device or home computer capable of downloading Fitbit Connect software. Potential participants were
excluded if they reported they were pregnant, actively trying to become pregnant or taking.fertility
medication, usually worked night shift, had dependents or pets who disrupted middle of the night sleep
more than 2 times per week, at risk for sleep apnea using the Berlin screen (2+/3 categories with a positive
score),(26) a diagnosis of neuromuscular disease (such as MS), or a.current diagnosis of cancer of the lung,
bronchus, or oropharynx which may affect the ability to complete spirometry. Those who had a self-
reported history of sleep apnea, such as those who were no lenger undergoing active therapy after weight
loss, but did not have an active diagnosis on their primary care clinical record, were included. Data were
not used from two participants who did not wear boeth devices at the same time and two who did not
participate in recording sleep data. Additionalinformation on self-report and medical record abstraction
records can be found in the supplemental*material.
Sleep Pattern Measures

Nightly measures ofitotal sleep time, sleep efficiency, and wake counts (bouts, or number of
awakenings after sleep onset) were collected using the Fitbit Charge™ and the Actigraph wGT3+. The
devices were worn on the non-dominant wrist,(27) with the Fitbit distal to the Actigraph. Participants
were scheduled to wear the devices together for approximately 2 weeks, extended depending on
availability to schedule visits or difficulty with the devices. Based on previous study, the Fitbit was left in
the default, rather than sensitive mode.(24) The Fithit Charge™ proprietary algorithm (Firmware version
110 and Fitbit Connect software version 2.0.1.6782) processed the sensor data to automate the sleep

variables. Fitbit data was synced by the participant at least twice a week to Fitabase (Small Steps Labs
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LLC, San Diego, California) third party integration cloud. Participants were instructed not to update the
application for Fitbit in her smartphone or computer during the study period. The frequency of syncing
was checked by the research staff weekly, with participant reminders as needed. The Actigraph device
was configured to 100Hz, sleep enabled 60-second epoch, and processed with ActiLife (version 16.3.1)
software.
Data Analysis

Data were analyzed using STATA (Version 14.2, StataCorp, College Station, Texas). Differences
between participants and those who were not recruited from the recruitment dataset (electronic.medical
record repository, see Figure 1) were assessed using Mann-Whitney U or y? statistics, and correlations
using Pearson product moment. The Actigraph and Fitbit raw sleep datasets were processed and merged
automatically by 24-hour period and manually by matching sleep segments (see supplemental material for
protocol). Data from each device distinguished disrupted sleep'measures (wake bouts or restlessness within
the total sleep duration) from separated segments of sleep identified with unique time in bed and sleep
onset. Segmented sleep was defined as nights in whichisleep occurred in two or more sleep segments,
separated by enough wrist movement in which one ef the device algorithms’ indicated a time period out of
bed, rather than a full night’s sleep within a‘'single time period. Feasibility was assessed by ascertaining
the start and end dates in which the devices were worn consecutively, and calculating the percent of study
nights with data from both devices. Actigraphy was automatically scored each 60-second epoch as a binary
asleep or awake state by the software. This version of fitness tracker results indicated asleep, restless, or
awake. For the purposes of the epoch-by-epoch analysis, Fitbit restless codes were included in a binary
“awake” score. ' Sensitivity, specificity, positive and negative predictive values were calculated from the 60-
second epoch-by-epoch values of the two devices. Using the actigraphy results as the ground truth, a true
positive was scored when both devices indicated sleep, true negative when both devices indicated wake, a
false negative when actigraphy indicated sleep and Fitbit wake, and false positive when actigraphy
indicated wake and Fitbit sleep. Three sensitivity analyses were conducted on these results by 1)

alternatively coding the Fitbit restless category into the binary sleep state 2) using datasets with values
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excluded as implausible or unlikely after visual inspection of actigram, and 3) replacing missing Fitbit
values with the “wake” code.

Logarithmic transformations were utilized for severe skew of the Fitbit wake counts. Equivalence
testing for each device was explored (two one-sided tests of equivalence) using the a priori equivalence
levels that were 10% of the actigraphy mean score for each device (45 minutes total sleep time, 9% sleep
efficiency, and 16 wake counts). Concordance was plotted using the Bland-Altman technique, including
standard differences and regression lines between the devices.(28) Sensitivity analyses werg conducted for
datasets after additional data cleaning steps (e.g. deleting implausible values).

Results
Participants

Data was available from 47 participants for concordance testingy(see Figure 1). Table 1 lists the
participant’s demographic and clinical characteristics. Differences between those who consented to
participate in the study and the remainder of the electronic medical record repository database can be

found in the supplemental material.

Descriptive Statistics for Sleep

The box plots in Figure 2 depict the distribution of the variables total sleep time, sleep efficiency,
and wake counts, comparing the'manual and automated linked datasets. Table 2 summarizes the average
nightly measures by each device with'each night in which the participant wore both devices as the unit of
analysis, and within-each,participant as the unit of analysis.
Feasibility

Combined device data was available on 75.5% of the possible consecutive nights of wear
(738/978), with 41 (4.2%) nights of missing data from both devices in the same night, 78 (8.0%) missing
nights from actigraphy alone, and 121 (12.4%) missing nights from the Fitbit fitness tracker alone.
Reasons for missing data included device removal, damage, loss, or dead battery, participant skipping a

night of sleep, participant activity and restlessness preventing sleep detection. Participants averaged 16.43
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nights (SD=5.91) and a range of 8-37 nights per participant. 833 matched sleep segments were analyzed
using manually processed data. The distribution of the number of sleep segments each night for the fitness
tracker data was 55.2% (n=536) for 1 segment, 22.3% (n=216) for 2 segments, 4.6% (n=46) for 3 sleep
segments, and 2.2% (n=21) with 4-6 sleep segments.

The Fitbit fitness tracker demonstrated 97% sensitivity and 40% specificity to detect sleep in a
minute-by-minute comparison to actigraphy, using data on a total of 424 938 minutes of sleep. Sensitivity
analyses of the same tests with data cleaned, coded, and merged using different techniques; are, presented
in Supplemental Table 1 and 2. Overall, the results were consistent when using a dataset that was further
cleaned and refined after removing questionable or implausible values from visual inspection of the
actigram. Scoring the fitness tracker “restless” as sleep, rather than wake; inereased the sensitivity (.97 to
.99), but decreased the specificity (.40 to .10) of the fitness tracker.compared to actigraphy. Finally,
replacing fitness tracker missing data as “wake” increased thesspecificity (.93-.95) while sacrificing
sensitivity (.55-.57) of the fitness tracker’s ability to detect'sleep/compared to actigraphy.

Equivalence

The mean difference for the manual and automatically merged data, respectively, are as follows:
total sleep time -5.37 minutes (90% Cl -13¢1732.42) and 26.97 minutes (90% CI 13.52, 40.43), sleep
efficiency 5.57% (90% CI 5.22, 5.91),and’5.29% (4.95, 5.63) and wake counts -11.81 (90% CI -12.25, -
11.38) and -11.97 (-12.41, 411.53). The devices were equivalent at the a priori 42-minute threshold for
total sleep time, as well.as an exploratory 15-minute threshold, in the manually processed data by sleep
segment. There were statistically relevant differences for the remaining measures (Supplemental Table 3).
Concordance

The results of concordance testing are illustrated in Figures 3-5 with Bland-Altman plots for
standard differences and adjusted for linear trend for total sleep time, sleep efficiency, and number of
awakenings. Supplemental Figure 1 is also included with the plots of the wake counts before logarithmic

transformation for skew. Table 3 summarizes raw score correlations and the concordance results with the
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number of nights outside of the 95% limits of agreement between the devices, with and without adjusting
for linear trend. Correlations of the raw scores were low (.09-.52, p<.05).
Discussion

Nearly three fourths of the adult United States population routinely tracks and monitors at least
one health related measure for themselves or their loved ones.(17) Given the ubiquitous use of fitness
trackers, the purpose of this research was to assess feasibility,(29-31) to explore equivalence,.and test
concordance of a fitness tracker and actigraphy device to measure total sleep time, sleep efficiency;’and
wake counts in women with poorly controlled asthma. The strengths of this current study:design were to
1) add important evidence in the feasibility and accuracy of using inexpensive fitnessdrackers to measure
sleep patterns longitudinally in the home environment, 2) study a sample.representative of diverse and
vulnerable populations, and 3) lengthen the observation period of assessing.abnormal sleep patterns in
those with asthma from previous study.(9)

Only 55% of the nights of sleep in our study were recorded as a single, uninterrupted sleep
period. Our data demonstrated a substantial proportion,of nights with segmented sleep (See Supplemental
Figure 2 for an example actigram). This evidence opens a potential new line of future inquiry to ascertain
if segmented sleep should be considered nermal or pathological in our population.(32) Due to the large
proportion of nights with segmented sleep, we innovated a method to compare the two devices by linking
the data in two different ways, 1) autematically by 24-hour noon-to-noon period and 2) manually by
individual sleep segments. Manually processing the sleep segments was labor intensive in our study, and
not feasible for clinical practice translation without additional software and algorithm updates to the
fitness tracker data. However, the findings in our study from the different methods of linking these data
demonstrate the need for additional clinical and research inquiry into the measurement of potentially
segmented sleep habits of working-age women with asthma.

Our feasibility analysis demonstrated that roughly 75% of the consecutive study nights resulted in
usable data, which is an improvement from a previous study.(33) Pragmatic feasibility challenges

including the battery life of the devices, potential user forgetfulness to wear the device every night,
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broken or uncomfortable wristbands (particularly on nights with warmer temperatures), lost devices, or
unwillingness to wear the device on certain days of the week or during social activities. While we did not
formally collect data on ongoing use of fitness trackers, several participants spontaneously notified study
staff they were purchasing a fitness tracker for personal use, which corroborates evidence from other
studies on the perceived value of sharing fitness tracker data with healthcare providers.(34) Similar to our
experience in educating our participants to utilize the technology, studies in other populations have found
that participants may struggle with the technology during initial learning and set-up, but were'able.to wear
and care for the devices, and are satisfied with the comfort and design features.(33-35)

With 97% sensitivity and 40% specificity, the Fitbit fitness tracker’s ability to detect sleep also
demonstrated the likelihood to overestimate sleep. Further study is needed torascertain 24-hour epoch-by-
epoch sensitivity and specificity. The version of fitness tracker dataswe used does not enable 24-hours of
epoch-by-epoch data downloads. The comparisons in our present study included the 60-second epochs
between sleep onset and final wakening determined by the fitness tracker algorithm. Our results
corroborated findings from 21 patients with a.major depressive disorder, demonstrating 98% sensitivity
and 35% specificity compared to PSG in a one-night sleep lab study.(24) However, this previous study
found no differences between the fitness tracker and actigraphy, as we have demonstrated. The sensitivity
analysis in our study (supplemental material) demonstrated that coding missing daytime data as “wake”
for the fitness tracker resulted in a substantial increase in the specificity to measure sleep (95%), with an
expected drop in sensitivity (565-56%). The equivalence and concordance results of our study suggest the
devices have.substantially different algorithms to process and produce the sleep metrics for clinical and
research use. Overall, the Fitbit demonstrated borderline accuracy, compared to the Actigraph, in this
population. The more disrupted the sleep (with >5 actigraphy-measured awakenings per night), the less
accuracy has been demonstrated in total sleep time measures overall (33) and in those with asthma.(16)

Overall, our results corroborate similar evidence of overestimating sleep efficiency and
underestimating wakening measures noted in other studies of healthy adults (12, 20) and those with major

depressive disorders (24) when we linked the two device’s data automatically with a programming code.
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Actigraphy and fitness trackers consistently overestimate sleep time and efficiency by miscategorizing
motionless wakefulness as sleep when compared to PSG.(20) However, the inconsistent findings in our
study between merging the data manually by sleep segments, and by automated methods for the 24-hour
period, highlight a potential area for improved understanding of the validity of fitness trackers in those
with more segmented sleep patterns. We found that manually processing the data into sleep segments
resulted in the Fitbit underestimating total sleep time compared to actigraphy, which was novel and
opposite of previous study focusing on calendar night measures.(12, 23, 24) An alternative‘and plausible
explanation is the additional cleaning and matching of the datasets falsely enhanced. the equivalence by
disregarding unmatched measurements.

The Fitbit sleep efficiency scores should be interpreted as an overestimation, or different
measure, from traditional actigraphy. The operational definition of sleepiefficiency continues to be a
matter of debate, particularly for those with insomnia or segmented'sleep who do not spend the entire
night in bed as observed in our study.(37) While sleep efficiency is traditionally calculated as the total
sleep time divided by the minutes in bed, this often inaccurately includes middle-night, out of bed activity
between sleep segments as time in which sleep was,attempted in some algorithms.(37) More novel
approaches that affect equivalence, and may be incorporated into the proprietary fitness tracker algorithm,
include sleep latency, total sleep time; wake after sleep onset, and time attempting to sleep after final
awakening by segment in the efficiency calculations.(37) We observed an additional average 5%
overestimation for the Eitbition a 0-100% scale in addition to previous 8-9% sleep efficiency
overestimation of actigraphy compared to PSG. (12, 20) Because the variability in sleep efficiency
measured by actigraphy was greater than the fitness tracker (a wider distribution of scores), the devices
were not statistically equivalent at the 9% threshold. The devices demonstrated concordance (or lack of a
systematic bias) for sleep efficiency that improved when adjusting for a linear trend in the data. These
trends should be considered in future computer programming development and informatics solutions for
real-time clinical and research data use. The fitness tracker website (https://community.fitbit.com/)

currently includes specific instructions to register for and obtain an application program interface (API)
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for ongoing software programming and application development for clinical and research applications.
Our finding of concordance, without equivalence, also supports that it is plausible that the Fitbit measures
sleep efficiency using a different calculation. Standardized methods of merging or aggregating sleep
segments into a weighted daily measure for both devices is needed for ongoing Fitbit use in the clinical or
research measurement of sleep efficiency used as an adjunct to self reports, to diagnose or treat patients.

Wake counts were concordant, but poorly correlated and not equivalent between the devices, with
actigraphy estimating an average of 12-14 more wakening per night than the Fitbit. Clinically,an-average
of more than 5 actigraphy-recorded wakenings per night requires further investigation to‘assess disrupted
sleep.(36) We did not use the Fitbit’s sensitive setting in this study, based on poor performance in
previous study of other populations.(24) Mathematically transforming the wake counts reduced
systematic bias, which should also be considered in informatics and-algorithm development for future use.
Similarly, a previous study on the use of regression modelingsmeant,to enhance the accuracy and further
process of fitness tracker data for research and clinical use has been demonstrated for step counts and
energy expenditure, and our study adds to the evidence,on the need to create these adjustments for wake
counts as well.(22) In the asthma population,Fitbit’s underestimation of wake counts may still
theoretically be of research and therapeuti¢'value. While the actigraphy device that is most sensitive to
detecting disturbed sleep is clinicallyirelevant for sleep disorder detection, it is unclear if the decreased
sensitivity will enhance asthma-specific wakening measurement. Since we anticipate night-time wakening
with asthma symptoms will involve greater levels of movement and action (e.g. taking rescue inhaler,
repositioning.for maximal airflow), further research is needed in this population to ascertain the level of
accuracy in recording general, as opposed to asthma-specific, sleep disruption. In addition, the Fitbit
continues to demonstrate potential relevance in self-management due to its accessibility for individuals to
track personalized patterns of sleep disturbance.

In addition to several indications for future research and informatics development, our findings
have preliminary relevance for clinical practice. Disrupted sleep is a key indicator of poorly controlled

asthma and asthma related quality of life. There is currently no gold standard by which to establish an
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objective adjunct to subjective self-report of asthma specific wakening. This study provides the
preliminary evidence on an objective assessment of sleep patterns in women with asthma using two
different potentially clinically relevant devices. A prior investigation indicates that patients at highest risk
for poor health outcomes are the least likely to use wearable health trackers or communicate the data to
their clinicians. (35) In consort with software development collaborators, our results are relevant to
designing self-management and clinical dashboard displays. Fitness trackers, with an adequate user
clinician interpretation of the overestimation of sleep efficiency and sleep time as presented inithis-and
other studies, may be used as an adjunct assessment and as possibly intervention. We'were able to reach a
high proportion of participants belonging to high risk for poorly controlled asthma and overall vulnerable
populations with a racially diverse sample, those with higher BMI’s, and.covered by Medicaid insurance.
Therefore, studies focusing on asthma as a health outcome have a potential to extend the understanding,
relevance, and reach of mobile health (mHealth) applications.using fitness trackers to diverse populations
with higher health risks for poorly controlled asthma. Future study is warranted to compare fitness
trackers and actigraphy in specific subgroups of women with asthma, such as those with co-morbid
obesity, sleep apnea, COPD, or by smoking status.

The findings from this study shauld be interpreted with several limitations. Actigraphy and fitness
trackers measure limb movement'as aproxy for sleep, and do not directly measure sleep states. Skin and
ambient temperature may affect readings.(20) The labor intensive process to manually match the nightly
sleep data, with several hours per participant, is not currently replicable in the clinical setting, but
demonstrates,the need for improved algorithms that address sleep segments, rather than self-reported
sleep measures: The act of wearing the device, with access to the data, may have changed the participants’
behaviors from their natural patterns. Participants were instructed not to install updates in this study.
However, the proprietary algorithm can be updated and patched without researcher knowledge at any
time. Access to the raw data and proprietary algorithms are not only a research limitation, but also a

broader clinical limitation of the fitness tracker’s applications and use in practice. An automated log of
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updated software and installation date will enhance the potential use of the device as a research tool.
Newer generations of the device and software are currently on the market.
Conclusion

Fitness trackers offer an easily available and inexpensive method to quantify sleep patterns in the
home environment as an adjunct to the self-report of asthma symptom sleep disruption. With no current
clinical gold standard to objectively measure asthma-specific sleep disruption, this study provides
preliminary evidence on longitudinal wrist-worn device assessment of sleep patterns in the home
environment. Although fitness trackers have a tendency to overestimate total sleep time and efficiency,
they have demonstrated preliminary validity with actigraphy in several populations and the need for further
algorithm and informatics development.(20) We demonstrated feasibility.and-equivalence for total sleep
time at the 15-minute threshold for sleep segments, with a lack of systematic bias for wake counts and
sleep efficiency. There were important differences in the devices when comparing by specific sleep
segment, rather than by 24-hour period.

Fitness trackers continue to hold promise for use in'research and clinical care, with ongoing
research needed to apply adjustments in datalaggregation, mathematical modeling, comparison to PSG
and actigraphy, and interpretation relative 10 the overestimation of total sleep time and efficiency and
underestimation of wake counts,
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Table 1. Baseline Characteristics of Participants (N=47)

Fitness Tracker

Variable M (SD) or % Range
Age, yr 40.6 (13.0) 19-64
Race, %
Non-Hispanic Black 44.7
Non-Hispanic White 36.2
Hispanic/Latina White 4.3
More than one race (Non-Hispanic) 10.6
Hispanic/Latina More than one race 2.1
Native Hawaiian/Pacific Islander 2.1
Highest Education Completed, %
Grades 9-11 8.5
Grade 12 or GED 27.7
1-3 years of college 36.2
4+ years of college/college graduate 25.5
Income, %
<$15,000 21.3
$15,000-25,000 40.4
$26,000-50,000 17.0
$51,000+ 12.8
Asthma Control Test 14.0 (3.38) 721
Well Controlled, % 4.3
Not Well Controlled, % 25.5
Very Poorly Controlled, % 70.2
Quality of Life (asthma-specific) 3.8+(1.1) 1.8-6
Epworth Sleepiness Scale 9.6(5.9) 1-24
Emotionality — General Fatigue 3.2 (.96) 1.5-5.0
History of GERD, % 31.9
History of Obstructive Sleep Apnea, % 12.8
Ever cigarette smoker, % 51.0
Current cigarette smoker, % 34.0
Smoking exposure inside home.in lastweek, % | 42.6
Age of Asthma Onset, yrs 20.0 (15.3) 0-55
Body mass index 33.6 (9.8) 19-60
Normal, % 17.0
Overweight, % 21.7
Obese Class I, % 17.0
Obese Class:ll, % 14.9
Obese Classdll, % 23.4
Polypharmacy Score 10.8 (6.5) 2-29
Medical Diagnoses (last 3 years) 17.4 (9.6) 2-43

Note: BMI=Body Mass Index; GERD=Gastro-Esophageal Reflux Disease
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Table 2 Average Nightly Sleep Measures by Device, by Night/Sleep Segment and Participant as Unit of

Analysis
Manually Merged Data by Sleep Automated Merged Data by Day
Segment
Total Sleep Sleep Wake Total Sleep Sleep Wake Counts
Time, min Efficiency | Counts Time, min Efficiency
Mean (SD) Mean Mean Mean (SD) Mean (SD) Mean (SD)
(SD) (SD)
By Night/Segment as Unit of Analysis
(N=833) (N=861)
Fitness 410.6 (134.3) | 92.9 (3.4) 2.9 (3.3) | 476.4 (195.0) 92.7 (3.3) 4.0 (4.4)
Tracker
Actigraphy 419.8 (144.9) | 87.3(6.3) | 14.9(7.1) | 469.7 (189.9) 87.7 (6.0) 158 (7.4)
By Participant as Unit of Analysis
(N=47) (N=47)
Fitness 412.4 (66.5) | 92.9 (1.9) 2.9(1.5) | 486.1(93.3) 92.7 (1.8) 3.9(2.1)
Tracker
Actigraphy 420.5(74.0) | 87.4(3.1) | 14.8(4.2) | 471.9 (106.2) 87.7 (3.1) 15.8 (4.3)




Fitness Tracker

Table 3. Concordance Testing: Percent of Observations Outside 95% Limits of Agreement

| Correlation | Unadjusted

| Adjusted for Trend

Device Data Manually Merged

Total Sleep Time

5%

5.72%, N=47/822

9.61%, N=79/822

Sleep Efficiency

.36***

6.21%, N=51/821

5.12%, N=42/821

Wake Counts

.09*

4.63%, N=38/821

2.68%, N=22/821

Device Data Automated Merge

Total Sleep Time

28%**

7.73%, N=57/737

10.85%, N=80/737

Sleep Efficiency

.35***

5.54%, N=41/740

4.46%, N=33/740

Wake Counts

1+

4.85%, N=36/742

3.37%, N=25/742

Note: ® Pearson Product Moment Correlation of Raw Scores; *p<.05; **p<.01; ***p<.001
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Study Flow Diagram

[ Enrollment ] ‘ Assessed for eligibility (n=869)

Excluded before phone recruitment (n= 743 )
+ Not meeting inclusion criteria (geographic
or sleep apnea in recruitment dataset)

(n=185)
* No reply (n=558)

‘ Excluded on phone screening* (n=60)

. Qualified/Agreed to participant
Recruitment during phone screening (n= 66 )

Unable to complete/schedule baseline visit
(n=15)

[ FO"OW'UP ] ‘ Consented to participate (n=51)

} Lost to follow up (n=2) ‘
[

| Excluded from analysis (n=2) ‘

[ Analysis } ‘ Analyzed (n=47) ‘

*Reasons for non-recruitment on phone screen (n=60): No device/computer (n=6), ACT score (n=20), pregnant or trying to beeome (n=3), night shift (n=2),
dependents/pets routinely disrupt middle of the night sleep (n=7), neuromuscular disease (n=1), Berlin Scorefor Sleep Apnea (n=18), notinterested after phone
eligibility (n=3).

Fig. 1 Study Flow Diagram
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Fig. 2 Box Plots for Total Sleep Time, Sleep Efficiency, Wake Counts by Device Type

Note: Panel A-C Automatically Merged Device Data by 24-hour period; Panel D-F Manually Linked

Device Data by Sleep Segment
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Fig. 3 Bland Altman Plot with-Concordance for Total Sleep Time

Note: Panel A-B Automatically-Merged Device Data by 24-hour period; Panel C-D Manually Linked

Device Data by Sleep Segment
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Fig. 5 Bland Altman Plot with Concordance for Wake Counts
Note: Panel A-B Automatically,Merged Device Data by 24-hour period; Panel C-D Manually Linked

Device Data by Sleep Segment

Supplemental Figure 1. Bland Altman Plot with Wake Counts before Logarithmic Transfom

Supplemental Figure 2. Example Actigram of Segmented Sleep in two 24-hour periods



