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Evaluation of the Garmin Vivofit &4 for assessing
sleep in youth experiencing sleep disturbances

Paul R Hibbing™? ("}, Madison Pilla?, Lauryn Birmingham®, Aniya Byrd®,
Tumusifu Ndagijimana®, Sara Sadeghi®, Nedra Seigfreid®, Danielle Farr?®,
Baha Al-Shawwa™’, David G Ingram*’ and Jordan A Carlson**

Abstract

Objective: Wearable monitors are increasingly used to assess sleep. However, validity is unknown for certain monitors and
populations. We tested the Garmin Vivofit &4 in a pediatric clinical sample.

Methods: Participants (n=25) wore the monitor on their nondominant wrist during an overnight polysomnogram. Garmin
and polysomnography were compared using 95% equivalence testing, mean absolute error, and Bland-Altman analysis.

Results: On average (mean + SD), the Garmin predicted later sleep onset (by 0.84 + 1.60 hours) and earlier sleep offset (by
0.34+0.70 hours) than polysomnography. The resulting difference for total sleep time was —0.55 + 1.21 hours. Sleep onset
latency was higher for Garmin than polysomnography (77.4 + 100.9 and 22.8 + 20.0 minutes, respectively), while wake after
sleep onset was lower (5.2+9.3 and 43.2+37.9 minutes, respectively). Garmin sleep efficiency averaged 3.3% + 13.8%
lower than polysomnography. Minutes in light sleep and deep sleep (the latter including rapid eye movement) were within
+3.3% of polysomnography (both SDs=14.9%). No Garmin means were significantly equivalent with polysomnography
(adjusted p>0.99). Mean absolute errors were 0.47 to 0.95 hours for time-based variables (sleep onset, offset, and latency,
plus total sleep time and wake after sleep onset), and 8.9% to 21.2% for percentage-based variables (sleep efficiency and
sleep staging). Bland-Altman analysis showed systematic bias for wake after sleep onset, but not other variables.

Conclusions: The Vivofit 4 showed consistently poor individual-level validity, while group-level validity was better for some
variables (total sleep time and sleep efficiency) than others.
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Introduction

Sleep is a crucial health behavior for children and adoles-
cents, promoting brain health, weight management, and a

host of other important functions.'~ It is therefore alarming
that sleep disorders affect an estimated 25% to 50% of
youth,®” while only 3.7% of cases are diagnosed.® This
creates a need to monitor sleep in a variety of clinical, sci-
entific, and personal settings, but it is difficult to do so
because of measurement challenges.

Polysomnography (PSG) is the gold standard method
for measuring sleep, involving multimodal monitoring of
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electroencephalography, eye and limb movements, and car-
diovascular and respiratory parameters. However, there are
notable limitations with PSG, including its cost, invasive-
ness, and labor intensiveness.” This has led to a surge of
interest in wearable sleep monitors (especially wrist-worn
devices) that may increase the feasibility and convenience
of measuring sleep in natural environments over long
periods of time.'” Accordingly, it has become a high prior-
ity to test the accuracy of different monitors by comparison
against PSG.'! Consumer-grade sleep monitors have
received a wealth of attention along this line,'* with
studies testing a range of monitors and showing a consistent
trend toward low specificity (e.g. underestimation of wake
time, leading to overestimation of sleep efficiency), along
with variable trends for predicting sleep stages.'> "
Despite these persistent difficulties, new sleep monitors
are continually emerging, whose differing characteristics
(e.g. unique sensor configurations and approaches to pre-
dicting sleep) may lead to improvements, thus creating a
need for continual testing on a monitor- and population-
specific basis.?'=*?

Currently, there is a testing gap for monitors sold by
Garmin Ltd (Olathe, KS, USA), which is a major player
in the wearable market and offers several monitors with
sleep tracking capabilities.”* Prior studies have tested
three Garmin models against PSG in healthy adults
(Fenix 5S, Vivosmart 3, and Vivosmart 4),13*15 with
results generally showing better performance in some
areas (e.g. assessment of sleep onset latency) than others
(e.g. assessment of sleep stages). These findings suggest
Garmin monitors may have utility in certain situations,
but there are evidence gaps related to validity of the most
affordable and accessible Garmin monitor (the Vivofit 4,
which takes a simplified approach to sleep monitoring)
and validity in youth with sleep disorders. Such youth are
an easily-overlooked and crucial group to study given the
high prevalence and low diagnosis rates mentioned
before. Therefore, the purpose of this study was to test
the validity of the Garmin Vivofit 4 relative to PSG in a
clinical sample of youth experiencing sleep disturbances.
Based on the simplified design of the Vivofit 4, along
with prior findings for the Garmin devices described
above,'?™!% we hypothesized the Vivofit 4 would be equiva-
lent to PSG for total sleep time (TST) and related variables,
but not for wake after sleep onset (WASO) or sleep staging.

Methods

Recruitment and participants

Recruitment was conducted through the sleep clinic at
Children’s Mercy Kansas City. Eligible participants were
5- to 17-year-old patients for whom a sleep medicine spe-
cialist had ordered an overnight in-lab PSG due to
concern for physiologic disruptors of sleep such as sleep

apnea or limb movement disorders. A research team
member invited these patients to participate in the research
study. Patients were ineligible to participate if they had
major craniofacial abnormalities or a prior diagnosis with
Down syndrome, Prader-Willi syndrome, or other intellec-
tual disability. Ethical approval for the study was obtained
from the Children’s Mercy Kansas City Institutional
Review Board. Prior to beginning the study, participants
gave signed informed assent to participate, and parents
gave signed informed consent.

Protocol

The study followed a cross-sectional, single-night design
that was consistent with clinical standards of care and com-
parable with other validation studies for wearable sleep-
tracking devices.'>™'” Participants reported to the sleep
clinic laboratory near bedtime, then underwent standard
preparation for an overnight in-lab PSG with the help of a
technologist. In addition to the standard procedures, the
technologist placed a Garmin Vivofit 4 on the participant’s
nondominant wrist and recorded the time of attachment
(which was typically about 30 minutes before lights out).
PSG recording continued throughout the night until the par-
ticipant was awakened, typically near 06:00. At that point,
the technologist removed the PSG sensors and Garmin
monitor, recording the time at which the monitor was
removed. Across all participants, only three Vivofit 4
devices were used for testing, thereby limiting the potential
influence of interdevice reliability on the results of the
study.

Equipment

Polysomnography. Gold standard sleep data were collected
via monitored in-lab PSG, consistent with longstanding
conventions and recommendations.”>>’ The equipment
and procedures were compliant with requirements of the
American Academy of Sleep Medicine at the time of data
collection,?® including the use of a standard sensor array
for data collection. Data scoring and cleaning were done
in 30-second epochs by a certified PSG technologist. All
procedures for data collection, reporting, and storage were
managed using the BWAnalysis and BWCenter platforms
(Neurovirtual USA, Fort Lauderdale, FL), which ultimately
generated summary outputs that were integrated into the
electronic medical record and extracted for the present
analysis.

Garmin Vivofit 4. The Garmin Vivofit 4 is a commercially
available monitor equipped with an accelerometer sensor.
It is designed as an entry level monitor and thus does not
collect photoplethysmography or heart rate data, distin-
guishing it from other Garmin monitors (e.g. the
Vivosmart). A tradeoff of this design is that the Vivofit 4
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can only predict “light” and “deep” sleep, as opposed to
classifying rapid eye movement (REM) as a separate level
of sleep (see https:/support.garmin.com/en-US/?faq=
mBRMTf4ks7XqtsbI8J6). However, an advantage is that
the approach parallels what is common in traditional sleep
actigraphy (e.g. in the well-known accelerometer algo-
rithms of Cole et al.*® and Sadeh et al.30). Acceleration
data from the Vivofit 4 are transmitted via Bluetooth® to
the Garmin Connect application on a mobile device,
where a proprietary algorithm then predicts sleep from the
patterns of wrist movement. (The algorithm’s architecture
is unknown, and thus there is uncertain comparability to
existing accelerometry algorithms.) For the present study,
sleep estimates were accessed through the Garmin applica-
tion programming interface (API) platform, which provided
a convenient way to manage data from Garmin Connect.
Table 1 lists the variables that were available or calculable
from the API platform. Notably, epoch-level data were not
made available by Garmin, meaning it was only possible to
test night-level aggregate estimates.

Data processing and statistical analysis

Procedures and approach. Participant characteristics and diag-
nostic data were extracted from the scored PSG summary
reports stored in the electronic medical record. Weight status
was determined using body mass index (BMI) growth charts
from the Centers for Disease Control and Prf:ve:ntion,31 with

severe obesity defined as >120% of the 95th percentile or
BMI>35.% A physician reviewed all PSG reports and coded
diagnoses as none, insomnia (i.e. chronic insomnia or behavior-
ally induced insufficient sleep syndrome), sleep-related breath-
ing disorder (i.e. obstructive or central sleep apnea, hypoxemia,
and hypoventilation), sleep-related movement disorder (i.e. rest-
less leg syndrome, periodic limb movement disorder, and rest-
less sleep disorder), or multiple (i.e. two or more of the above).
The PSG reports were also used to extract criterion sleep
data. The focus was on the variables in Table 1, which were
chosen to match what was available or calculable from the
Garmin API platform. In the case of sleep stages, the PSG
reports contained more detailed information than what was
predicted by the Garmin monitor. Specifically, the PSG
reports listed time in REM and three non-REM stages
(N1, N2, and N3), while the Garmin monitor predicted
only time in light and deep sleep, as noted previously.
Therefore, the PSG values had to be recategorized as light
and deep to match the output from the Garmin monitor.
For the non-REM stages, this was done by coding N1 and
N2 as light and N3 as deep, based on both clinical litera-
and general Garmin documentation (see https:/
www.garmin.com/en-US/garmin-technology/health-
science/sleep-tracking/). For REM, the corresponding
Vivofit 4 category was unclear because no documentation
was available to indicate whether REM was considered
light or deep when developing the Vivofit 4 algorithm,
nor was a clear choice implicated in the literature.*

Table 1. Sleep variables included in the main analysis comparing data from the Garmin Vivofit &4 against polysomnography (PSG).

Sleep onset (bedtime) Time of falling asleep

Sleep offset (risetime)® Time of waking up
Sleep onset latency®

Total sleep time (TsT)¢

Wake after sleep onset (WASO)
Sleep efficiency®

Light sleep®®

Deep sleep™"

Amount of time in bed before falling asleep, in minutes
Amount of time spent sleeping, in hours

Amount of time spent awake after falling asleep, in minutes
TST as a percentage of total time in bed

Percent of sleep spent in light stages

Percent of sleep spent in deep stages

+ 0.5 hours
+ 0.5 hours
+ 15 minutes
+ 0.5 hours
+ 15 minutes
+ 5%
+ 5%

+ 5%

?For equivalence testing, this was used as the acceptable margin of error, within which a group-level estimate (i.e. mean) from the Garmin could be

considered equivalent to PSG.

PFor PSG, given as “lights on” time, also equal to the sum of bedtime, TST, and WASO; for Garmin, calculated using the latter sum.
‘Garmin value calculated as the time from “lights out” (PSG) to bedtime, with negative values excluded from further analysis (n=1).

dGarmin value calculated as the sum of light and deep sleep time.

€Garmin value calculated by dividing TST by total in-bed time (i.e. latency + TST + WASO).

fRaw PSG values were expressed in percentage units; Garmin percentages were calculated by dividing minutes in each stage by TST.
8For PSG, defined as either stages N1-N2 plus rapid eye movement (REM Light) or only stages N1-N2 (REM Deep).

PFor PSG, defined as either stage N3 (REM Light) or stage N3 and rapid eye movement (REM Deep).
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Therefore, we chose to report results from two sets of tests,
one with REM classified as light sleep (REM Light) and
another with REM classified as deep sleep (REM Deep).

Data cleaning and sensitivity analyses. For the main analysis,
Garmin data were cleaned using two procedures. First, esti-
mates of sleep onset (hereafter called bedtime) or offset (here-
after called risetime) were flagged if they occurred before the
monitor was attached or after it was removed. The manual
override feature in Garmin Connect was then used to
replace any such bedtimes or risetimes with the corresponding
times of attachment or removal, respectively. Second, data
were cleaned by excluding nights that the Garmin algorithm
labeled as “tentative” rather than “final,” based on its internal
checks. Although these data cleaning steps came with a
known risk of inflating the observed validity (particularly for
bedtime and risetime), the critical advantage was that deriva-
tive variables (e.g. WASO and sleep stages) would be recalcu-
lated using only wear-time data from “final” nights, ensuring a
realistic picture of accuracy.

To account for potential bias due to the data cleaning pro-
cedures, two sensitivity analyses were performed. The manual
overrides were removed for both analyses, with the first con-
tinuing to exclude “tentative” nights while the second included
both “final” and “tentative” nights. By comparing the results
of the main analysis and sensitivity analyses, it was thus pos-
sible to examine the potential influence of nonwear and certi-
tude (“tentative” or “final”’) on accuracy.

Statistical analyses. For each sleep variable, validity was
tested at the group and individual levels. Group-level validity
was assessed using equivalence testing, which is similar to
standard t tests for mean difference, yet more appropriate
for analyses for which the goal is to test similarity between
measures.”’ Specifically, the null and alternative hypotheses
are reversed in equivalence testing, so that rejection of the
null hypothesis indicates significant equivalence (rather
than significant difference) within a specified range of toler-
ance known as the equivalence zone. In the present analysis,
the equivalence zones (see Table 1) were selected based
on accepted margins of error whenever possible.*®*"
Individual level validity was summarized using mean abso-

n
lute error (%Z |Garmin; — PSG;|), and further examined
via Bland-AltifiAn analysis.*>*! All statistical tests were per-
formed with a=0.05. To account for multiple comparisons,
p-values were adjusted using the false discovery rate correc-
tion.*> Summary statistics are reported as mean + SD.

Results

Data loss

A total of 42 participants completed the study protocol.
Garmin sleep data were entirely missing in eight cases

(i.e. no sleep time was predicted by the Garmin), which
has also been observed elsewhere in laboratory'” and free-
living*® studies. Thus, data were available from 34 partici-
pants prior to cleaning.

Data cleaning

No bedtime predictions occurred before the monitor was
attached. However, one participant had undefined sleep
onset latency and sleep efficiency because predicted
bedtime occurred before “lights out” in the PSG report
(see calculation footnotes of Table 1). There were nine rise-
times that occurred after the monitor was removed. Eight of
those values were replaced with the time of monitor
removal, while the ninth (for which the removal time was
missing) was replaced with the “lights on” time from PSG.

Of the 34 participants eligible for the main analysis,
eight were labeled as “tentative” by the Garmin algorithm,
resulting in exclusion. One additional participant was
excluded because all sleep predictions from the Garmin
occurred during nonwear (i.e. bedtime was predicted after
removing the monitor). Thus, the final sample size for the
main analysis was 25.

Main analysis

Table 2 provides a summary of participant characteristics.
For risetime and TST, mean differences fell inside or
close to the target range of +30 minutes relative to PSG
(Table 3). Strong group-level validity was also seen for
sleep efficiency, with a mean difference of —3.3%. In con-
trast, mean differences had magnitudes of nearly an hour for
bedtime and sleep onset latency, and more than half an hour
for WASO. Mean sleep stage estimates differed consider-
ably from PSG when using the REM Light classification
scheme (difference magnitudes of +20.7%), while they dif-
fered minimally when using the REM Deep classification
scheme (difference magnitudes of +3.3%). Standard devia-
tions were large for all variables, contributing to nonsigni-
ficant equivalence tests (all adjusted p >0.99). Raw data are
shown in Figure 1.

Indicators of individual-level validity had greater magni-
tude than those for group-level validity, reflecting high vari-
ability and a tendency for over- and under-estimates to
cancel out at the group level (see Table 3). This was espe-
cially true for TST (mean absolute error 1.6 times higher
than the magnitude of mean bias) and sleep efficiency
(2.7 times), as well as sleep stage estimates from the
REM Deep classification scheme (3.7 times). Figure 2
shows Bland-Altman plots for each variable. There was
limited systematic bias for most comparisons (adjusted R*
<0.25), with the exception of WASO (adjusted R*=
0.94). Consistent with the systematic bias for WASO,
there was also evident heteroscedasticity for sleep
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Table 2. Participant characteristics.
Age (years) 12.7+5.2 10.5+3.1 11.3 + 4.0
Height (cm) 148.1+22.9 144.4 +24.8 145.8 +23.7
Weight (kg) 75.3 +50.1 55.7 +41.8 62.7 + 44.9
Weight status®
Underweight 0 (0.0%) 1 (6.2%) 1 (4.0%)
Healthy weight 3 (33.3%) 9 (56.2%) 12 (48.0%)
Overweight 1 (11.1%) 1 (6.2%) 2 (8.0%)
Obese 1 (11.1%) 1 (6.2%) 2 (8.0%)
Severe obese 4 (44.4%) 4 (25.0%) 8 (32.0%)
Race”
Black 0 (0.0%) 1 (6.2%) 1 (4.0%)
Hispanic 1 (11.1%) 0 (0.0%) 1 (4.0%)
White 8 (88.9%) 12 (75.0%) 20 (80.0%)
Multiracial 0 (0.0%) 3 (18.8%) 3 (12.0%)
Diagnosis
None 0 (0.0%) 2 (12.5%) 2 (8.0%)
Insomnia 3 (33.3%) 2 (12.5%) 5 (20.0%)
Sleep-related breathing disorder 2 (22.2%) 6 (37.5%) 8 (32.0%)
Sleep-related movement disorder 1 (11.1%) 2 (12.5%) 3 (12.0%)
Multiple 3 (33.3%) 4 (25.0%) 7 (28.0%)

Values are mean + SD for continuous variables, and n (%) for categorical.

®Body mass index (BMI) percentiles were calculated from Centers for Disease Control and Prevention growth charts. Weight status was binned into the
following categories: < 5th percentile (underweight), 5th to 84.9th percentile (healthy weight), 85th to 94.9th percentile (overweight), 1.0-1.19 * 95th percentile
(obese), and > 1.2 * 95th percentile or BMI > 35 (severe obese). For more information, see Kelly et al.??

PAs recorded in electronic health record.

efficiency (i.e. greater spread for values<85% than for
values > 85%).

Visual inspection of data in Figures 1 and 2 revealed no
discernable trends along the lines of diagnosis, sex, or age.
Although there were notable outliers in some cases (particu-
larly for bedtime and risetime), the values did not tend to
originate from the same participants in each panel except
when common patterns would be expected (e.g. an errone-
ous estimate of bedtime corresponding to an erroneous

estimate of sleep onset latency). Subsample sizes by sex
and age were 4 (females<12 years), 11 (males<12
years), 5 (females > 12 years), and 5 (males > 12 years).

Sensitivity analyses

Results are presented in the Supplemental material. In the
first sensitivity analysis (using uncorrected Garmin data
from 26 nights with “final” designation), group-level
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Table 3. Descriptive statistics of sleep-related variables from the criterion measure (polysomnography) and the Garmin Vivofit 4 monitor.

Bedtime (hours)? 22:14:40 + 0.58

Risetime (hours)? 05:59:45 +0.13

Sleep onset latency (minutes)® 22.8 +20.0
Total sleep time (hours) 7.03+0.78
Wake after sleep onset (minutes) 43.2 +37.9
Sleep efficiency (%)® 86.4 + 8.5
Sleep stages (REM Light")

Light sleep (%) 71.1+10.3

Deep sleep (%) 28.9+10.3
Sleep stages (REM Deep©)

Light sleep (%) 53.7+9.7

Deep sleep (%) 46.3+9.8

Values are mean + SD.

23:01:18 £ 1.16 0.84 +1.60 0.95+1.53
05:39:55 + 0.47 —0.34+0.70 0.47 +0.62
77.4+£100.9 54.6 +95.1 57.2£93.6
6.49 + 1.47 —0.55+1.21 0.86 +1.01
5.2+9.3 —38.0+38.8 39.0+£37.7
83.1+19.0 —3.3+13.8 8.9+10.9

50.4 +13.8 —20.7+15.9 21.2+15.2
49.6 +13.8 20.7+15.9 21.2+£15.2
50.4 +13.8 —3.3+14.9 12.2+8.9

49.6 +13.8 3.3+149 12.1+8.9

*Summary values are circular mean + SD, where SD was calculated using the mean shorter distance method (see paulhibbing.com/daytime); circular
operations were not needed for paired calculations (mean difference and MAE), which is why the difference of circular means differs slightly from the values in

the mean difference colum.n

BN of 24 rather than 25 because Garmin predicted bedtime before “lights out” for one participant, precluding calculation for these variables.
‘Garmin monitor reported time in light and deep sleep. Polysomnography reported time in the REM stage and three non-REM stages (N1-N3).
Polysomnography stages were coded in two ways, the first (REM Light) defining REM and N1-N2 as light sleep versus N3 as deep, while the second (REM

Deep) defined only N1-N2 as light sleep and both N3 and REM as deep.
MAE: mean absolute error; REM: rapid eye movement.

performance was virtually unchanged for WASO. Mean
difference for TST also had nearly identical magnitude
compared to the main analysis, although the sign was
reversed and the SD increased. Mean difference for sleep
efficiency improved in comparison to the main analysis,
dipping to —2.2% + 13.3%. For the remaining variables,
performance was worse in comparison to the main analysis,
with mean differences exceeding an hour for time-based
variables (bedtime, risetime, and sleep onset latency) and
exceeding +10% for sleep staging variables (regardless of
how REM was classified). All equivalence tests were non-
significant (adjusted p >0.99). For individual-level validity,
mean absolute errors increased 1.1 to 1.7 fold compared to
the main analysis, except for risetime (3.9 fold increase) and
sleep efficiency (0.9 fold decrease). Bland-Altman analysis
continued to show limited evidence of systematic error
(adjusted R%< 0.30, except for WASO with 0.92).

For the second sensitivity analysis (incorporating 8 “ten-
tative” nights in addition to the 26 “final” nights from the
first sensitivity analysis), the group-level results for TST
and WASO changed very little relative to the first

sensitivity analysis. There was also limited change for
sleep staging estimates, regardless of how REM was classi-
fied. Mean difference for sleep efficiency improved sub-
stantially, reaching —0.82% +11.9%. For bedtime and
sleep onset latency, mean differences returned to similar
levels that were seen in the main analysis, while for risetime
the mean difference remained much higher than what was
seen for the main analysis (with slight improvement in com-
parison to the first sensitivity analysis). When comparing
individual-level validity to the first sensitivity analysis,
mean absolute error improved by 0.8 to 0.9 fold for
bedtime, sleep onset latency, and sleep efficiency, while
improvements were minimal for the remaining variables
(0.96-1.00 fold). Indicators of systematic error remained
negligible for all variables but WASO (adjusted R* =0.92).

Discussion

In this study, we tested the validity of sleep estimates from
the Garmin Vivofit 4 in a sample of youth experiencing
sleep disturbances. Overall, there was mixed support for
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Figure 1. Scatterplots showing raw data for Garmin Vivofit &4 on the x-axis and polysomnography (PSG) on y-axis, with color- and

shape-coding to show trends among diagnostic and demographic subgroups. The dashed line is the line of identity, representing perfect
agreement. Variables shown are (a) bedtime, (b) risetime, (c) sleep onset latency, (d) total sleep time, (e) wake after sleep onset, (f) sleep
efficiency, (g) percent of time in light sleep when classifying rapid eye movement as light (REM Light), (h) percent of time in deep sleep for
REM Light, (i) percent of time in light sleep when classifying REM as deep (REM Deep), and (j) percent of time in deep sleep for REM Deep.
For sleep onset latency and sleep efficiency, N =24 rather than 25, due to the Garmin monitor predicting bedtime before “lights out” for

one participant.

our initial hypotheses, except with respect to WASQO, which
was consistently underestimated. Individual-level findings
were generally poor for all variables, but group-level find-
ings fell inside or close to accepted margins of error for
TST (mean values within 33-36 minutes of PSG across
the main and sensitivity analyses) and sleep efficiency
(within 0.82—3.3%).38’39 This reflects cancelation of over-

and under-estimates for those variables (indicated by
small mean differences relative to larger mean absolute
errors), which is important to consider when deciding
whether to use the Vivofit 4 in future research. Although
no results were significantly equivalent with PSG, numer-
ous factors contributed to this, including not only prediction
error, but also the small sample size, adjustments for
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Figure 2. Bland-Altman plots showing patterns of bias (y-axis) relative to measured values from polysomnography (PSG; x-axis), with
color- and shape-coding to show trends among diagnostic and demographic subgroups. Solid grey lines are mean bias, and dashed grey
lines are limits of agreement. Variables shown are (a) bedtime, (b) risetime, (c) sleep onset latency, (d) total sleep time, (e) wake after
sleep onset, (f) sleep efficiency, (g) percent of time in light sleep when classifying rapid eye movement as light (REM Light), (h) percent of
time in deep sleep for REM Light, (i) percent of time in light sleep when classifying REM as deep (REM Deep), and (j) percent of time in
deep sleep for REM Deep. For sleep onset latency and sleep efficiency, N =24 rather than 25, due to the Garmin monitor predicting

bedtime before “lights out” for one participant.

multiple comparison (30 total tests), and high standard
deviation of the differences. Thus, larger studies are war-
ranted to confirm our findings.

The sensitivity analyses demonstrated a potential impact
of nonwear on observed validity of the Garmin algorithm,
while there was limited impact of “final” versus “tentative”

designation. These caveats have implications not only for
the Vivofit 4 and the interpretation of our findings, but
also for other monitors and research studies that may be
similar in various respects. Accordingly, our discussion
covers both the specific implications of this study and the
broader implications for ongoing research.
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Specific implications of this study

The Vivofit 4 is part of a continually expanding market of
consumer-grade monitors that have developed substantial
reach in the population for both personal use and applied
research.?? To date, however, only a few studies have eval-
uated sleep estimates from such monitors in pediatric
samples.'”™" To our knowledge, the current study was
the first to test the popular Vivofit 4 in a clinical sample
of youth, filling an important gap given the strengths of
the device (e.g. scalability and cost-effectiveness) and the
high prevalence and underdiagnosis of sleep disorders in
the youth population.®™®

Other pediatric evaluations have been focused on Fitbit
monitors, with the Ultra model being tested by Meltzer
et al.'” and the Charge HR model being tested by de
Zambotti et al.'"® and Godino et al.'” Only the sample of
Meltzer et al.'” was comparable to ours, whereas healthy
youth were recruited for the other studies.'®'® The results
of Meltzer et al.'” showed generally poor performance of
the Fitbit Ultra compared to PSG, and they also observed
a tendency for systematic error along lines of age and con-
dition severity. Specifically, they noted that older children
and adolescents exhibited more motionless wake time,
which may have factored into greater underestimation of
WASO in that group. Similarly, their findings suggested
that movement was more prominent for youth with sleep
disordered breathing than those without. In the present
study, we did not observe comparable systematic error
along lines of age, sex, or diagnosis, although we did
observe error being higher for some individuals than
others. In particular, several variables in Figure 1 followed
a pattern in which most predictions were fairly accurate
while a small number were highly inaccurate. The lack of
systematic pattern in our study may be attributable to our
contrasting sample characteristics (e.g. inclusion of many
different disorders) or the small sample size, the latter of
which was also acknowledged as a limitation in the study
by Meltzer et al."”

Consistent with broader research on other monitors
across populations,'*'®2° our findings showed dramatic
underestimation of WASO when using the Vivofit 4. We
also experienced a high incidence of missing data, which
was consistent with what has been reported for other
Garmin monitors.">* In the free-living study by Kubala
et al.,*’ results could not be reported from the Vivosmart
HR due to missing data, whereas sufficient data were
obtained from six other monitors. Kainec et al.'”> also
reported a high rate of data loss for the Garmin
Vivosmart 4 in their laboratory-based study (5.6% of
cases), but they reported even higher rates of data loss for
all but one other monitor (5.6-18.8% of cases). Thus,
while missing data is clearly a prevalent issue with
Garmin monitors, it appears not to be entirely unique
among consumer-grade monitors, and there is no clear

pattern to suggest a single cause (e.g. device-related,
protocol-related, or something else).

Before moving on from the specific implications of the
present study, it is important to note that we only addressed
the night-level criterion validity of the Vivofit 4. There may
be different implications when looking at other measure-
ment attributes such as sensitivity to change or the motiv-
ational impact of wearing the monitor itself. Thus, the
appropriateness of the Vivofit 4 in clinical, scientific, or per-
sonal use may vary depending on the objective, and more
research is needed to determine utility across the full
range of potential uses.

Broader implications for future research

The present study followed a common design for clinical
testing of sleep estimates from consumer-grade wearable
monitors,'>~"7 yet also had unique characteristics that may
be instructive for future research. One such characteristic
was the need for customized procedures to address the div-
ision of sleep stages into only two categories (light and
deep) and the classification of nights as “tentative” or
“final.” While these specific characteristics may not apply
to other monitors, there may be analogous traits in other
monitors that require similar nuance and customization
when designing the analyses for a performance evaluation.
These customizations can be approached in the manner we
demonstrated for the present study, based on scientific and
clinical guidance wherever possible, along with any avail-
able information from the manufacturer. However, it is
notable that manufacturer information is often sparse, due
to proprietary restrictions that result in a “black box” conun-
drum.'?> We strove to make this a transparent part of our
reporting, and future analyses should do the same so that
potential users can factor it into their considerations about
using a given monitor.

Apart from issues that affect individual monitors, we
also encountered general issues that may affect many moni-
tors and the design of study protocols for testing them.
These issues included familiar ones such as the lack of
access to epoch-level data'""'> and specific design tradeoffs
of the in-lab PSG protocol (e.g. the balance of internal and
external validity during a single-night assessment in an arti-
ficial laboratory environment).***® A novel issue we
addressed was related to how much data were collected
before bedtime and after risetime. To our knowledge, this
issue has not been addressed or discussed in prior work,
and we sought to address it through our use of manual over-
rides and sensitivity analyses. Therefore, we offer detailed
comments below.

Regarding data collected before bedtime, Garmin sug-
gests that some of their other monitors should be worn
for at least 2.0 hours before going to bed (see https:/
support.garmin.com/en-US/?faq=
qvzNMwxuTbONxZ6Ce2a9z9). While there is no such
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guideline for the Vivofit 4, it remains possible that predic-
tions in the current study were impacted by nonwear in
the period before bedtime. Some contrary evidence may
be visible in Figure 1, where most bedtime predictions
fell close to the line of identity. This could indicate the
Garmin algorithm normally predicts bedtime effectively,
regardless of the amount of data collected beforehand.
Nevertheless, there were also clear outliers, which may
represent cases where there was unique need for more pre-
bedtime data. This could also explain why the outliers did
not follow clear patterns across sex, age, or diagnosis.
Overall, there is a clear need for additional research to
explore whether the amount of data collected before
bedtime has a strong impact on predictions, not only for
the Garmin Vivofit 4, but also for other monitors.

Regarding data collected after risetime, the concern is
inverse of what was described before. That is, it deals
with excess data collected after the study rather than insuf-
ficient data collected before. In the current study, the
Garmin monitors continued to collect data after being
removed, similar to what might occur in other studies
(e.g. anytime there is a lag between removing the monitor
and retrieving the data) or in personal use (e.g. if removing
the monitor to bathe immediately after waking). This add-
itional data may register with a low-movement profile that
is classified as a continuation of sleep rather than a transi-
tion to nonwear, especially for devices like the Vivofit 4
that include only an accelerometer sensor. We were able
to partially address this issue by comparing results from
manually corrected versus uncorrected data in the main
and sensitivity analyses. Results showed that nonwear
after risetime did influence some variables (especially rise-
time itself), while others were less affected (e.g. bedtime,
sleep onset latency, and WASO). Therefore, it seems
likely that the findings for the latter variables were legitim-
ate and not heavily influenced by the present study design.
This highlights an important point, namely, that monitor per-
formance and study design can be stronger in some areas than
others. Nuanced interpretation of the evidence is therefore
crucial for understanding the strengths, weaknesses, and
unknowns of consumer-grade sleep monitors (especially
those for which epoch-level data are unobtainable).

Lastly, the present findings should be considered along-
side estimates that 25% to 50% of typically developed chil-
dren and adolescents have a sleep disorder,®’ while only
3.7% of cases are diagnosed.® This suggests that the meas-
urement issues observed in the present study could affect
large numbers of unidentified youth, even in studies of
apparently healthy individuals with no known sleep disor-
ders. A related implication is that comparisons against
healthy control samples must be made with caution (i.e.
only after clinical confirmation that no undetected sleep dis-
turbance is present in the healthy controls). Our recruitment
strategy was designed to enroll participants with sleep dis-
orders, but there were a small number (n=2) whose sleep

study did not point to a specific diagnosis. Although this
is far too few to support definitive comments on accuracy
for those with versus without sleep disorders, we observed
no clear differences in the limited data we were able to
present. Future studies should examine this more closely
while understanding that rigorous verification of healthy
control status will be required.

Strengths and limitations

This study had strengths and limitations. A key strength
was the combined focus on a widely used monitor
(Vivofit 4) and an underrepresented population in prior
research (youth with sleep disorders). Furthermore, our
sample included participants experiencing a range of distur-
bances. While the latter diversity was a strength of the
sample, the small sample size was a limitation that led to
insufficient power for detecting subgroup differences. The
issue of sample size was further complicated by the inherent
limitations of a single-night PSG protocol, along with
monitor failures and “tentative” sleep classifications, as dis-
cussed previously. Epoch-level data may have made these
issues easier to address, but such data were not available
through the Garmin API platform. Our analyses also did
not account for medication status of the participants or
potential intermonitor differences that may have added
noise to the assessment (although we were able to limit
the latter possibility by using only three different devices
across all participants). The sample had limited racial and
ethnic diversity, which is especially important to consider
given known disparities in prevalence of sleep disorders
across these lines.”* In general, the characteristics of our
sample make it difficult to generalize results to broader
pediatric populations, particularly since individuals experi-
encing sleep disturbances may pose unique measurement
challenges that are not as prevalent among sound sleepers.
Additional research is needed to evaluate consumer moni-
tors in other and broader population groups. Nevertheless,
the present study provides important insights into sleep
monitoring for pediatric patient populations, including to
highlight protocol-related issues in validation research.

Conclusions

The Garmin Vivofit 4 has uncertain utility for assessing
sleep in youth with sleep disturbances. Group-level esti-
mates of TST and sleep efficiency may be acceptable in
some settings, while performance is weaker for other vari-
ables and individual-level estimates. Validity appears to
be strong for many individuals and weak for a select few,
whose characteristics follow unclear patterns. These
issues could be protocol-related, and may therefore also
affect other validation studies that use a similar protocol.
Overall, caution is warranted when using the Garmin
Vivofit 4 in future research where criterion validity is a
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primary need. The need for caution is especially important
considering the high prevalence and underdiagnosis of
sleep disturbances in youth. Future studies should test per-
formance in larger and more diverse samples with multiple
days of data collection, and explore reliability and sensitiv-
ity to change, with attention to the potential accuracy differ-
ential between those with and without a sleep disorder.
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