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Abstract

Purpose: Our study evaluated the agreement of mean daily step counts, peak 1-min cadence, and
peak 30-min cadence between the hip-worn ActiGraph GT3X+ accelerometer, using the normal
filter (AGy) and the low frequency extension (AGy ), and the thigh-worn activPAL3 micro (AP)
accelerometer among older adults.

Methods: Nine-hundred and fifty-three older adults (>65 years) were recruited to wear the
ActiGraph device concurrently with the AP for 4-7 days beginning in 2016. Using the AP as

the reference measure, device agreement for each step-based metric was assessed using mean
differences (AGy — AP and AGy pg — AP), mean absolute percentage error (MAPE), and Pearson
and concordance correlation coefficients.

Results: For AGy — AP, the mean differences and MAPE were: daily steps —1,851 steps/day and
27.2%, peak 1-min cadence —16.2 steps/min and 16.3%, and peak 30-min cadence —17.7 steps/min
and 24.0%. Pearson coefficients were .94, .85, and .91 and concordance coefficients were .81, .65,
and .73, respectively. For AGp pg — AP, the mean differences and MAPE were: daily steps 4,968
steps/day and 72.7%, peak 1-min cadence —1.4 steps/min and 4.7%, and peak 30-min cadence 1.4
steps/min and 7.0%. Pearson coefficients were .91, .91, and .95 and concordance coefficients were
49, .91, and .94, respectively.

Conclusions: Compared with estimates from the AP, the AGy underestimated daily step counts
by approximately 1,800 steps/day, while the AGy pg overestimated by approximately 5,000 steps/
day. However, peak step cadence estimates generated from the AGy gg and AP had high agreement
(MAPE < 7.0%). Additional convergent validation studies of step-based metrics from concurrently
worn accelerometers are needed for improved understanding of between-device agreement.
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Step counting is a simple and accessible measurement of physical activity that is available
on a multitude of wearable devices from smartphones to fitness trackers (Bassett et al.,
2017). Unlike measurement of meeting the current U.S. adult aerobic physical activity
guideline (PAG) of at least 150 min/week of moderate- to vigorous-intensity physical
activity (U.S. Department of Health and Human Services, 2018), daily step counts may

be more easily understood and measured by the general population (Kraus et al., 2019).

In addition, steps can be taken at all intensity levels (i.e., light, moderate, and vigorous
intensity), which allows for participation across most ages and physical fitness levels and
is particularly important for older adults who often face declining physical function and
aerobic capacity with age, limiting ability to engage in more intense movement (Kraus et
al., 2019; Maula et al., 2019; Newman et al., 2016; Ortlieb et al., 2014). The popularity
and accessibility of steps-based metrics further reflects their utility for translating research
findings into public health recommendations, policies, and programs (Bassett et al., 2017;
Kraus et al., 2019). For these reasons, the 2018 PAG Advisory Committee examined the
relationships between daily step volume (i.e., daily step counts) and several health outcomes
(2018 Physical Activity Guidelines Advisory Committee, 2018), and insufficient evidence
was available for providing a daily step volume recommendation. In response to this
conclusion, a number of studies have since reported a protective association between steps
and cardiovascular disease, dysglycemia, and all-cause mortality (Hall et al., 2020; Lee et
al., 2019; Paluch et al., 2021; Saint-Maurice et al., 2020).

The 2018 PAG Advisory Committee also concluded future studies should also examine

the role of stepping intensity (i.e., cadence [steps/minute]) in these relationships (2018
Physical Activity Guidelines Advisory Committee, 2018) and directly called for studies to
evaluate the agreement between steps-based metrics derived from different wearable devices
to enable assimilation of dose—response relationships across studies and devices (Kraus et
al., 2019). For example, ActiGraph, commonly worn on the hip or wrist, has been the brand
of accelerometer used in over 50% of published studies (Wijndaele et al., 2015). However,
over the past decade, use of thigh-worn devices like the activPAL (PAL Technologies Ltd.)
has increased due to their ability to detect posture and greater step count accuracy at slow
treadmill walking speeds (but above 0.5 m/s) and during free living (Edwardson et al., 2017;
Harrington et al., 2011; Ryan et al., 2006; Toth et al., 2018).

Recent meta-analyses have helped illuminate the previously unclear associations between
physical activity and all-cause mortality through harmonization of accelerometer-measured
physical activity data from different accelerometer devices across several prospective cohort
studies (Ekelund et al., 2019, 2020). Similar analyses have not been done using step-based
metrics inpart due to insufficient literature on the agreement of accelerometer-measured
step-based metrics across various devices and heterogeneity of study designs (Hall et al.,
2020). An improved understanding of the agreement for steps-based metrics across multiple
devices is an important step toward facilitating well-powered and harmonized meta-analyses
to evaluate the dose—response associations between steps-based metrics with several health
outcomes. Comparison of step-based surveillance estimates across different populations and
time points would also be enhanced (Tudor-Locke et al., 2009). The present study evaluated
the agreement of three steps-based metrics (mean daily step counts, peak 1-min cadence, and
peak 30-min cadence) between the hip-worn ActiGraph GT3X+ accelerometer, processed

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



1duosnuely Joyiny 1diosnuely Joyiny 1duosnuely Joyiny

1duosnuely Joyiny

Methods
Study Population

Page 3

with the normal filter (AGy) and the low frequency extension (AGy gg), and the thigh-worn
activPAL3 micro accelerometer (AP) in a large sample of community-based older adults
who wore both devices concurrently.

The Adult Changes in Thought (ACT) study (Kukull et al., 2002) is a longitudinal

cohort study of aging and dementia. In 1994, Seattle area members of Kaiser Permanente
Washington (previously Group Health) who were 65 years or older without dementia were
randomly selected to participate in the ACT study. Consenting study participants undergo
biennial follow-up visits to screen for incident dementia. An expansion cohort was included
in 2000 and starting in 2004 a cohort refreshment protocol was implemented using the

same inclusion criteria to replace attrition from dementia, dropout, and death. In April 2016,
ACT participants were consented to wear an ActiGraph GT3X+ and/or an AP accelerometer
(Rosenberg et al., 2020). Participants who were wheelchair bound, receiving hospice or

care for a critical illness, residing in a nursing home, or, if memory problems became
evident during testing were not eligible to participate (Rosenberg et al., 2020). Among

1,688 eligible and approached ACT participants, 1,151 consented to wear the ActiGraph and
1,088 returned devices with four or more adherent days (defined as days with at least 10

hr of awake wear time), and 1,135 participants consented to wear the AP, of which 1,039
returned devices with at least four adherent days. In total, the analytic sample for our study
comprised of 953 men and women who wore both devices concurrently for at least four
adherent days. Overall, participants consenting to wear devices were generally younger and
healthier than those who did not consent (Rosenberg et al., 2020). For example, about 21%
of participants who did not consent to wear devices were age 90+ years, while only about
6% of consenting participants were age 90+ years (Rosenberg et al., 2020). Further details
on the ACT study and the accelerometry methods used are provided elsewhere (Kukull et al.,
2002; Rosenberg et al., 2020). Study procedures were approved by the Kaiser Permanente
Washington institutional review board, and participants provided written informed consent.

Accelerometers and Step Measurement

Participants who consented were asked to wear both devices for the same seven calendar
days and were encouraged to wear them for 24 hr/day except when risking submersion in
water (e.g., swimming or bathing) for the ActiGraph device (ActiGraph LLC). Participants
were asked to keep sleep logs each night of accelerometer wear to document their in-bed
and out-of-bed times, along with notes regarding any removal of the ActiGraph device for
reasons other than bathing or showering. Sleep and wear logs were double entered into a
database to protect against transcription errors and was quality checked for completeness
and accuracy, and missing sleep log data were imputed using person-specific means if
available or sample means otherwise (V= 37). Recorded in-bed and out-of-bed times were
used to identify awake time for processing data from both devices.

The ActiGraph was worn on an elastic belt secured around the waist so the device rests on
the right hip at the level of the suprailiac crest. To minimize nonwear and increase total
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concurrent wear, participants were asked to wear the ActiGraph 24 hr/day, except while
swimming or bathing. Using ActiLife software (version 6.13.3), data were collected at 30
Hz, aggregated into 60 s, time-stamped epochs, and device nonwear time was determined
using the Choi algorithm (Choi et al., 2011, 2012). Steps were ascertained using the
ActiGraph manufacturer’s step algorithm using two data processing filters: (a) the normal
filter and (b) the LFE filter. Per the ActiGraph website, the LFE:

... allows users to capture data previously unavailable. By adjusting filter criteria to
allow more data to be retained in low activity and/or low frequency environments,
elderly or other slow-moving subjects can be studied. This filter significantly
improves response to both activity as well as step counts.

(ActiGraph Corp., 2017)

Several (Feito et al., 2017; Hickey et al., 2016; Toth et al., 2018; Tudor-Locke et al., 2015;
Wanner et al., 2013) studies have shown that using the LFE filter leads to more steps being
registered over the exact same timeframe than if data were processed using the normal filter,
which is the factory default. Our study is the first that we know of to assess agreement of
step cadence measures using steps ascertained using both the normal filter and the LFE.

The AP was packaged in a waterproof casing and secured to the center of the participants’
right thigh using a medical grade adhesive tape to avoid removal for bathing, showering,

or swimming to improve compliance (Dall et al., 2018). Data from these devices were
converted to event-level files using the default setting in PALbatch (version 7.2.32, PAL
Technologies) and were visually compared to heat maps that had sleep log and ActiGraph
data superimposed to identify potential anomalies. Similar to the method of measuring steps
by the ActiGraph, the AP device uses proprietary algorithms to identify stepping events
(defined as a single reciprocal leg movement, generating two steps). Steps accumulated in all
stepping events in a given period of time (e.g., | min, day) were manually totaled to generate
step summaries.

For each participant, daily wear time was determined by subtracting nonwear time
(determined by the Choi algorithm; Choi et al., 2011, 2012) from awake wear time. Mean
step volume was calculated by summing steps across all adherent days and dividing by
number of adherent days. To assess stepping intensity, two commonly used measures were
calculated: peak 1-min cadence and peak 30-min cadence (Lee et al., 2019; Paluch et al.,
2021; Saint-Maurice et al., 2020; Tudor-Locke & Aguiar, 2019; Tudor-Locke & Rowe,
2012). Peak cadence is a simple indicator of a person’s best natural ambulatory effort in

a free-living environment (Tudor-Locke et al., 2018; Tudor-Locke & Rowe, 2012). Steps
measured by the AP, AGy;, and AGy gg, were stored in 1-min epochs and rank ordered within
each adherent day. Peak 1-min cadence is the highest single recorded minute of steps in a
day. Peak 30-min cadence is the mean steps per minute of the 30 highest 1-min epochs,
which are not required to be consecutive (Tudor-Locke et al., 2018). Both peak 1-min and
peak 30-min cadences were then averaged over adherent days.
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When participants were fitted with the accelerometers, participants’ age, gender, race/
ethnicity, education level, self-rated health, and difficulty walking 0.5 miles were ascertained
via a questionnaire. Self-rated health was assessed using the following question from the
RAND 36 questionnaire (Ware, 2000; Ware & Sherbourne, 1992), “In general, would you
say your health is: excellent, very good, good, fair, poor?” Difficulty walking 0.5 miles was
assessed with a single question asking, “Does your health now limit you in walking half a
mile and if so, how much?” Response options included yes, limited a lot; yes, limited a little;
and no, not limited at all. Lastly, participants’ height and weight were measured by trained
staff using a tape measure and the clinic scale. Body mass index was computed as weight (in
kilograms) divided by height? (in square meters).

Statistical Analysis

All statistical analyses were carried out in R (version 4.0.2). Mean and SD, or counts and
proportions, were calculated to describe participant characteristics. Body mass index, self-
rated health, and difficulty walking 0.5 miles were dichotomized as <30 versus >30; very
good or excellent versus good, fair, or very poor; and no difficulty versus some difficulty,
respectively. Due to mounting evidence that the AP may have higher accuracy in estimating
step counts than the ActiGraph (Bassett et al., 2017; Kooiman et al., 2015; Moore et al.,
2020; Toth et al., 2018), the AP was considered the reference (not necessarily criterion)
measure in our analyses. Histograms were plotted to show distributions for step-based
metrics (mean daily step counts, peak 1-min cadence, and peak 30-min cadence) for the
AGN, AGprg, and AP devices. We calculated mean paired differences (AGy — AP and
AGq g — AP). Mean absolute percentage error (MAPE) is a commonly used statistic to
quantify measurement agreement between devices and was calculated for each step-based
metric as follows (Moore et al., 2020):

AG; — AP;

1
(nigl ‘ AP;

)XIOO%,

where n1s the number of participants (here, n=953), which are indexed by 7. Different
thresholds (such as MAPE < 10% and MAPE < 5%) have been used for determining

the accuracy of step-counting devices, though empirical evidence supporting these cut
points are lacking (Moore et al., 2020). Next, we utilized the Bland—Altman approach to
illustrate potential associations between measurement bias and magnitude (Bland & Altman,
2007). Assigning the AP as the reference measure, we calculated 95% limits of agreement
(LOA) using linear regression of the difference between the AG and AP regressed on the
AP-measured step-based metric and visually assessed agreement via Bland—Altman plots.
Lastly, we calculated Pearson correlation coefficients to describe the between-device linear
associations for each step-based metric, and Lin’ s concordance correlation coefficients to
assess the degree to which the between-device associations were linear and aligned with the
45° line for each step-based metric. Table 1 further describes each metric of agreement used
in this analysis (Koo & Li, 2016).
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Results

Study Population Characteristics

For the 953 ACT participants included in the analytic sample, the mean (SD) age was 77.0
(6.6) years, 55.8% were female, 89.5% were non-Hispanic White, 74.7% completed college,
22.2% had a body mass index of 30 or above, 62.9% reported very good or excellent health,
and 76.2% reported no difficulty walking 0.5 miles (Table 2). Average daily wear time for
the AGy was 915.2 min/day, 920.0 min/day for the AGy rg, and 926.8 min/day for the AP.

Steps Agreement

Mean daily steps as measured with the AP were 6,832 (Table 3). Mean daily steps measured
with the AGy was 4,981 and a MAPE of 27.2% compared with the AP, resulting in a mean
difference of —1,851 steps/day (95% confidence interval [CI] [-1,928, —1,773]; 95% LOA
[=3,799, 97]). Mean daily steps measured with the AGy pg was 11,800 with a MAPE of
72.7% compared with the AP, resulting in a mean difference of 4,968 steps/day (95% CI
[4,853, 5,083]; 95% LOA [1,629, 8,307]). Pearson correlation coefficients for mean daily
steps were .94 for AGy — AP and .91 for AG gg — AP, while the concordance correlation
coefficients were .81 for AGy — AP and .49 for AG gg — AP.

The mean peak 1-min cadence as measured with the AP was 101.7 steps/min. Mean peak
1-min cadence as measured with the AGy (85.5 steps/min) had a MAPE of 16.3% compared
with the AP, resulting in a mean difference of —16.2 steps/min (95% CI [-17.2, —15.1];

95% LOA [—46.0, 13.7]). Mean peak 1-min cadence as measured with the AGy gg (100.3
steps/min) had a MAPE of 4.7% compared with the AP, resulting in a mean difference

of —1.42 steps/min (95% CI [-1.93, —0.91]; 95% LOA [—13.7, 10.9]). Pearson correlation
coefficients for peak 1-min cadence were .85 for AGy — AP and .91 for AGy g — AP, while
the concordance correlation coefficients were .65 for AGy — AP and .91 for AGy gg — AP.

The mean peak 30-min cadence as measured with the AP was 74.3 steps/min. Mean

peak 30-min cadence as measured with the AGy (56.6 steps/min) had a MAPE of 24.0%
compared with the AP, resulting in a mean difference of —17.7 steps/min (95% CI [—18.5,
—16.9]; 95% LOA [-38.7, 3.3]). Mean peak 30-min cadence as measured with the AGy g
(75.7 steps/min) had a MAPE of 7.0% compared with the AP, resulting in a mean difference
of 1.44 steps/min (95% CI[0.95, 1.92]; 95% LOA [-9.6, 12.5]). Pearson correlation
coefficients for peak 30-min cadence were .91 for AGy — AP and .94 for AGy g — AP,
while the concordance correlation coefficients were .73 for AGy — AP and .94 for AGy g —
AP.

Histograms and Bland—Altman plots comparing steps-based metrics from the AGy to the AP
are shown in Figure 1. For all three steps-based metrics, there was considerable overlap in
the histograms with average values of the AGy consistently lower than the AP. The Bland—
Altman plot for mean daily step counts and mean peak 30-min cadence shows stronger
agreement at lower values that weakens with increasing AP-measured step-based metrics
beginning at approximately 12,000 steps/day (Figure 1b) and about 75 steps/min (Figure

1f). The 95% LOA for mean peak 1-min cadence were consistent across the distribution of
AP-measured mean peak 1-min cadence values.

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



1duosnuely Joyiny 1diosnuely Joyiny 1duosnuely Joyiny

1duosnuely Joyiny

Hyde et al.

Page 7

Figure 2 shows the histograms and Bland—Altman plots comparing steps-based metrics
from the AGy g with the AP. There is a notable nonoverlap between the histograms for
mean daily steps with the AGy pg overestimating mean daily steps compared with the AP
(Figure 2a), and the Bland—Altman plot shows wide 95% LOA that slightly increase with
increasing AP-measured mean daily steps (Figure 2b). The histograms for mean peak 1-min
cadence and mean peak 30-min cadence almost entirely overlap across the distribution of
these metrics (Figure 2¢ and 2¢). The Bland—Altman plots also show narrow 95% LOA that
remain mostly consistent across the distribution of AP-measured values (Figure 2d and 2f).

Discussion

In this investigation of agreement in steps-based metrics between the hip-worn ActiGraph
GT3X+ and thigh-worn AP accelerometers worn concurrently by community-based older
adults, we observed discrepancies in daily step count estimates across the AGy, AGr gg,
and AP. In terms of agreement, the AGy underestimated daily step counts compared with
the AP by an average of 1,851 steps/day, while the AGy g overestimated daily step counts
by an average of 4,968 steps/day. While consistency was high between devices (Pearson
correlation coefficient > .90), the concordance correlation coefficient was strong for AGy —
AP (.81) and only moderate for AG g — AP (.49). The overall results suggest that the AGy
may provide more comparable estimates of daily step counts to the AP than the AGy gg. In
addition, our study identified high agreement in peak step cadence estimates between the
AGy pg and AP. The agreement for peak 1-min and peak 30-min cadences was less than

1.5 steps/min, and the Pearson and concordance correlation coefficients were greater than
.90. These findings indicate that peak step cadence estimates generated from the AGy pg
and the AP have high agreement. As such, studies that measure step cadence using these
devices and processing settings may be suitable for comparison. Overall, the results from
our study help clarify the agreement of step-based metrics measured from two widely used
research-grade accelerometers and could inform research as the basis for future national
step-based PAGs and surveillance of steps-based metrics. Studies incorporating steps-based
metrics measured from multiple devices should consider between-device differences to
avoid errors in estimations. For example, our results suggest that in older adults, the daily
step count estimates from the AP may be approximately 5,000 steps/day lower than the
AGt pg and approximately 1,800 steps/day higher than the AGy solely due to differences in
measurement properties. However, between-device agreement of peak cadence measures is
higher when using the AGy gg. More studies are needed to quantify how the between-device
differences in steps measures impact their prospective associations with health outcomes.

To our knowledge, this is the first report to evaluate agreement in step-based metrics
between the hip-worn ActiGraph GT3X+ and AP worn concurrently by a large cohort

of older adults in a community-based environment. Toth et al. (2018) evaluated the step
counting accuracy of the hip-worn AG and AP among 12 adults (mean age =35 + 13

years) under free-living conditions for a 1-day period and had similar findings—the AGy
underestimated daily step counts compared with the AP (mean difference = —830 steps/day,
Pearson correlation coefficient = .94) while the AGy g overestimated daily step counts
(mean difference = 5,542 steps/day, Pearson correlation coefficient = .94). Park et al. (2021)
compared daily step counts of 48 adults (28 + 12 years) for 2 days and reported similar
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findings (AGy — AP: mean difference = —784 step/day, Pearson correlation coefficient =
.88; AGr g — AP: mean difference = 4,272 steps/day, Pearson correlation coefficient =

.91). However, when using video recordings as the criterion measure, Toth et al. (2018)
reported the following mean differences and MAPEs for each device: —2,661 steps/day and
23.1% (AP), —3,491 steps/day and 30.8% (AGy), and 2,881 steps/day and 28.1% (AGy pg)-
When using the StepWatch—an ankle-worn research-grade accelerometer that has very high
agreement with direct observation (Toth et al., 2018)—as the criterion measure, Park et al.
(2021) reported similar results: —1,567 steps/day and 20.8% (AP), —2,259 steps/day and
24.0% (AGy), and 2,797 steps/day and 28.6% (AGy pg). Altogether, the results from the
present study echo the findings of previous studies that the AGy has higher agreement in
daily step count estimates with the AP than the AGy pg. However, further research is needed
to clarify whether estimates from AGy align more closely with “true” daily step count
values than estimates from the AGy gg.

The present study showed low agreement in daily step count estimates derived from

the AGp g compared with AP (MAPE = 72.7%). This finding was expected given the
purpose of the LFE filter is to retain more data during low intensity movement than the
AGYy (ActiGraph Corp., 2017) and several previous studies have shown that the AGy rg
records substantially higher step counts than either the AGy or AP (Feito et al., 2017;
Hickey et al., 2016; Toth et al., 2018; Tudor-Locke et al., 2015; Wanner et al., 2013).
However, the LFE may have utility for comparing physical activity estimates across different
generations of ActiGraph devices. For example, one study found that enabling the LFE
option may decrease differences in physical activity measures at lower intensities between
the ActiGraph GT3X+ and older ActiGraph models, though daily step counts were not
examined (Ried-Larsen et al., 2012). Another study comparing the older ActiGraph 7164
with the newer AGy and AGp g found that the AGy recorded fewer daily step counts by
2,041 steps/day while the AGy pg recorded an average of 3,597 more steps/day (Cain et al.,
2013). While the authors of this study concluded that newer generation ActiGraph models
(with either the normal filter or LFE) do not produce comparable daily step count estimates
to the older generation devices, their results suggested that the AG gg produced comparable
estimates of other physical activity measures (such as minutes per day of sedentary time,
light-, moderate-, and vigorous-intensity activity) to the older 7,164 model (Cain et al.,
2013). A third study of 35 older adults completing a timed 100-m walk found that the
AGq rg Was more accurate in estimating step counts than the AGy while acknowledging
that this was not a free-living environment that did not include any low-cadence walking,
sitting, or sit—stand transitions (Korpan et al., 2015). Given the agreement of the AGy g to
older ActiGraph models for estimates of other physical activity metrics except daily step
counts (Cain et al., 2013; Ried-Larsen et al., 2012), there is clear utility for processing
physical activity data from the ActiGraph GT3X+ using both the normal filter and the LFE
enabled. However, more research is needed to clarify the role of the LFE in estimating
daily step counts from cohort studies, particularly those that include older adults, and on
the comparability of daily step counts estimated from different ActiGraph models and filter
settings.

Among other considerations, gait speed and device wear location have important
implications for step counting measurement among older adults (Bassett et al., 2017). A
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study using a treadmill protocol (7= 20; age = 26.7 + 4.9 years; 40% female) found that
the hip-worn AGy undercounted steps relative to manually counted steps at all walking
speeds and the difference was higher at slower speeds (range: —39 steps/min at 2.0 mph

to —11 steps/min at 4.0 mph; John et al., 2018). Another study comparing the accuracy of
measuring daily step counts between the hip-worn AGy and AP analyzed data from two
100-step walking trials in a sample of 43 older adults aged > 65 years (Hergenroeder et al.,
2018). Using direct observation as the criterion measure, the authors estimated the percent
of observed steps that were counted by devices was 93.7% (+11.1%) for the AP and 51.4%
(£35.7%) for the AGy;, and the AGy was substantially less accurate at slower speeds (14.1%
at <0.6 m/s and 85.1% at >1.0 m/s) whereas the accuracy of the AP was less affected by
gait speed (86.8% at <0.6 m/s and 95.1% at >1.0 m/s; Hergenroeder et al., 2018). This
pattern in accuracy differences by gait speed is commonly observed for hip-worn versus
thigh-worn devices (Moore et al., 2020). A study of 19 participants (mean age = 33 + 12
years) measured for five average days found high agreement in estimates generated by the
thigh-worn AGy; (9,920 + 3,097 steps/day) to the AP micro4 (9,827 + 2,971 steps/day;
Crowley et al., 2019). Both devices were taped to participants’ right thigh, which may

help explain the higher agreement in estimates when compared to our study (Crowley

et al., 2019). Our study compared two accelerometers placed at different wear locations,
and the degree to which the device location, and not the devices themselves, contributed

to the differences in step-based metrics cannot be determined. Reconciling differences in
step-based metrics across devices that arise from differing participant gait speeds and device
wear locations will be critical for developing and translating future public health step-based
guidelines.

To our knowledge, our study is the first to compare step cadence estimates from the AGy pg
to the AP. We observed high agreement in peak cadence metrics between AGy gg and AP,
which could be due to both devices retaining more data during low frequency movements
compared to the AGy (ActiGraph Corp., 2017; Edwardson et al., 2017; Harrington et al.,
2011; Toth et al., 2018). Our findings of high agreement in peak cadence metrics but low
agreement in daily step counts between the AG g and AP could be due to the different
constructs being measured. Peak cadence is a measure of peak stepping intensity, which may
be a reflection of more purposeful walking compared with total step counts (Tudor-Locke

et al., 2018). In light of this, a more sensitive device that would capture each step would

be favored, and the LFE is more sensitive than the normal filter (ActiGraph Corp., 2017).
However, a drawback to enabling the LFE is the decreased specificity, which is illustrated
by the substantially higher daily step counts when compared with the AP. Researchers using
the ActiGraph device should consider these trade-offs when deciding which device settings
to use for the desired step-based metrics.

At least two studies have compared step cadence estimates from the AP to video observation
and found the AP to be a valid and reliable measure of step cadence (Harrington et al., 2011;
Ryan et al., 2006). Therefore, the results of the present study suggest the associations of
step cadence measures with health outcomes in older adults may be evaluated across studies
that used the AGy gg or AP with little differential classification due to the demonstrated
agreement between the two devices. However, there is a need for criterion validation studies
to examine agreement in step cadence estimates across multiple devices with video or direct
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observation as the criterion measure similar to the Toth et al. validation study of daily step
counts (Toth et al., 2018).

The ability to conduct large meta-analytical studies of the prospective associations between
step-based metrics and health outcomes has been hampered by lack of evidence regarding
the agreement of these metrics across various devices (Kraus et al., 2019). A recent
systematic review of longitudinal data consistently observed that taking an additional 1,000
steps/day can help lower the risk of all-cause mortality, cardiovascular disease mortality,
and cardiovascular disease in adults; however, several limitations, including the use of
different wearable devices by the included studies, restricted the study authors’ ability to
assess dose—response relationships across studies (Hall et al., 2020). The present study
addresses gaps identified by the 2018 PAG Advisory Committee Scientific Report with
regard to evaluating agreement of step-based metrics across devices, which could inform
efforts to harmonize accelerometer-measured step-based metrics across studies to carry out
more generalizable and statistically powerful meta-analyses for associations with health
outcomes (2018 Physical Activity Guidelines Advisory Committee, 2018; Kraus et al.,
2019). By evaluating the agreement between the hip-worn ActiGraph and AP, the present
study represents an initial step toward updating future PAGs to include recommendations for
step-based metrics for health promotion in older adults.

Our study has several strengths. Data were collected from a large sample of community-
based older adults, an understudied population. We investigated three step-based metrics

to better understand the extent of agreement between two commonly used research-grade
accelerometers, the thigh-worn AP, and the hip-worn ActiGraph. Participants wore devices
for up to 7 days, allowing for extensive data collection. We also acknowledge several
limitations. First, as stated previously, estimates of daily step counts from activPAL have
high agreement with direct observation (Toth et al., 2018), but not without error. Therefore,
while we have shown convergent and concurrent validity, future research should further
examine criterion validity. Second, the study sample consisted mainly of non-Hispanic
White older adults, so the results of the present study may not generalize to other race
ethnicity groups. Third, while the ActiGraph has traditionally been placed on the hip

or waist in research settings (Wijndaele et al., 2015), the present study could not assess
agreement of step-based metrics when ActiGraph devices are worn in other locations (e.g.,
thigh, ankle, wrist). However, a previous study has shown when the ActiGraph is worn on
the thigh, agreement between AP and AGy is very high (Crowley et al., 2019). Fourth, while
participants were asked to wear both devices 24 hr/day, the ActiGraph device was removed
for water-based activities (e.g., swimming, bathing) and average daily wear time differed
between devices by less than 15 min. While we believe that most step-based activities would
be captured by both devices, this is a source of error in our comparisons. Last, both the
ActiGraph and the AP devices use proprietary analysis algorithms to determine steps and
step timing, which limits our ability to investigate whether differences in agreement of
steps-based metrics are at least partially due to differences in hardware, software, or data
processing methods.
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Conclusion

This study examined the agreement in estimates of three step-based metrics estimated

by the AGy, AGy g, and AP worn concurrently for up to 7 days by a cohort of older

adults in a community-based setting. The results show that agreement in daily step count
estimates between the ActiGraph and AP differs substantially by the filter setting used

for the ActiGraph, though the AGy may provide higher agreement in estimates than the
AGt pg compared with the AP, and extent literature (Kooiman et al., 2015; Toth et al.,

2018) shows that AGy estimates are similar to those from commonly used consumer
wearables. For step cadence, our findings suggest that the estimates from the AGy gg have
high agreement with estimates from the AP. Evidence on the agreement of step cadence
estimates generated from different devices is lacking. In order to harmonize step-based
metrics from various cohort studies, further research is needed on the comparability of these
metrics across different accelerometers, brand-specific models, filter settings, and device
locations. Future measurement studies of step-based metrics can strengthen the evidence
base by examining demographically diverse cohorts in free-living environments, using direct
or video observation as the criterion measure, and including >1-day measurement period.
Improved understanding of the agreement of step-based metrics across commonly used
research-grade accelerometers and reconciling them with step-based metrics from consumer
wearables can help facilitate pooled analyses of these metrics and their associations with
health outcomes that will inform future PAGs (Kraus et al., 2019).

Acknowledgments

The authors have immense gratitude for the volunteers who took part in the ACT Study. This work was funded

by the National Institute on Aging (U01 AG006781, DR; 5T32-AG058529-03, SN), the National Heart, Lung, and
Blood Institute (5T32-HL-079891-14, ETH; 5T32-HL007055-44, CCM), and the National Institute of Diabetes and
Digestive and Kidney Diseases (RO1 DK114945; LN). The funders had no role in the design, conduct, analysis, and
decision to publish results from this study.

References

2018 Physical Activity Guidelines Advisory Committee. (2018). 2018 physical activity guidelines
advisory committee scientific report.

ActiGraph Corp. (2017). ActiGraph white paper: Low frequency extension
filter. https://s3.amazonaws.com/actigraphcorp.com/wp-content/uploads/2017/11/26205810/Low-
Frequency-Extension-Filter.pdf

Bassett DR, Toth LP, LaMunion SR, & Crouter SE (2017). Step counting: A review of measurement
considerations and health-related applications. Sports Medicine, 47(7), 1303-1315. 10.1007/
540279-016-0663-1 [PubMed: 28005190]

Bland JM, & Altman DG (2007). Agreement between methods of measurement with multiple
observations per individual. The Journal of Biopharmaceutical Statistics, 17(4), 571-582.
10.1080/10543400701329422 [PubMed: 17613642]

Cain KL, Conway TL, Adams MA, Husak LE, & Sallis JF (2013). Comparison of older and
newer generations of ActiGraph accelerometers with the normal filter and the low frequency
extension. The International Journal of Behavioral Nutrition and Physical Activity, 10, Article 51.
10.1186/1479-5868-10-51 [PubMed: 23618461]

Choi L, Liu Z, Matthews CE, & Buchowski MS (2011). Validation of accelerometer wear and nonwear
time classification algorithm. Medicine & Science in Sports & Exercise, 43(2), 357-364. 10.1249/
MSS.0b013e3181ed61a3 [PubMed: 20581716]

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



1duosnuely Joyiny 1diosnuely Joyiny 1duosnuely Joyiny

1duosnuely Joyiny

Hyde et al.

Page 12

Choi L, Ward SC, Schnelle JF, & Buchowski MS (2012). Assessment of wear/nonwear time
classification algorithms for triaxial accelerometer. Medicine & Science in Sports & Exercise,
44(10), 2009-2016. 10.1249/MSS.0b013e318258cb36 [PubMed: 22525772]

Crowley P, Skotte J, Stamatakis E, Hamer M, Aadahl M, Stevens ML, Rangul V, Mork PJ, &
Holtermann A (2019). Comparison of physical behavior estimates from three different thigh-worn
accelerometers brands: A proof-of-concept for the Prospective Physical Activity, Sitting, and Sleep
consortium (ProPASS). International Journal of Behavioral Nutrition and Physical Activity, 16(1),
65.10.1186/s12966-019-0835-0 [PubMed: 31419998]

Dall PM, Skelton DA, Dontje ML, Coulter EH, Stewart S, Cox SR, Shaw RJ, Cuki¢ I, Fitzsimons
CF, & Greig CA (2018). Characteristics of a protocol to collect objective physical activity/sedentary
behavior data in a large study: Seniors USP (understanding sedentary patterns). Journal for the
Measurement of Physical Behaviour, 1(1), 26-31. 10.1123/jmpb.2017-0004 [PubMed: 30159548]

Edwardson CL, Winkler EAH, Bodicoat DH, Yates T, Davies MJ, Dunstan DW, & Healy GN (2017).
Considerations when using the activPAL monitor in field-based research with adult populations.
Journal of Sport and Health Science, 6(2), 162—-178. https://doi.org/10.1016/j.jshs.2016.02.002
[PubMed: 30356601]

Ekelund U, Tarp J, Fagerland MW, Johannessen JS, Hansen BH, Jefferis BJ, Whincup PH, Diaz
KM, Hooker S, Howard VIJ, Chernofsky A, Larson MG, Spartano N, Vasan RS, Dohrn IM,
Hagstromer M, Edwardson C, Yates T, Shiroma EJ, ... Lee IM (2020). Joint associations
of accelerometer measured physical activity and sedentary time with all-cause mortality: A
harmonised meta-analysis in more than 44000 middle-aged and older individuals. British Journal
of Sports Medicine, 54(24), 1499-1506. 10.1136/bjsports-2020-103270 [PubMed: 33239356]

Ekelund U, Tarp J, Steene-Johannessen J, Hansen BH, Jefferis B, Fagerland MW, Whincup P, Diaz
KM, Hooker SP, Chernofsky A, Larson MG, Spartano N, Vasan RS, Dohrn IM, Hagstromer M,
Edwardson C, Yates T, Shiroma E, Anderssen SA, & Lee IM (2019). Dose-response associations
between accelerometry measured physical activity and sedentary time and all cause mortality:
Systematic review and harmonised meta-analysis. British Medical Journal, 366, Article 14570.
10.1136/bm;.14570

Feito Y, Hornbuckle LM, Reid LA, & Crouter SE (2017). Effect of ActiGraph’s low frequency
extension for estimating steps and physical activity intensity. PLoS One, 12(11), Article e0188242.
10.1371/journal.pone.0188242 [PubMed: 29155845]

Hall KS, Hyde ET, Bassett DR, Carlson SA, Carnethon MR, Ekelund U, Evenson KR, Galuska
DA, Kraus WE, Lee IM, Matthews CE, Omura JD, Paluch AE, Thomas WI, & Fulton JE
(2020). Systematic review of the prospective association of daily step counts with risk of
mortality, cardiovascular disease, and dysglycemia. International Journal of Behavioral Nutrition
and Physical Activity, 17(1), Article 78. 10.1186/s12966-020-00978-9 [PubMed: 32563261]

Harrington DM, Welk GJ, & Donnelly AE (2011). Validation of MET estimates and step measurement
using the ActivPAL physical activity logger. Journal of Sports Sciences, 29(6), 627-633.
10.1080/02640414.2010.549499 [PubMed: 21360402]

Hergenroeder AL, Barone Gibbs B, Kotlarczyk MP, Kowalsky RJ, Perera S, & Brach JS (2018).
Accuracy of objective physical activity monitors in measuring steps in older adults. Gerontology
and Geriatric Medicine 4, Article 2333721418781126. 10.1177/2333721418781126

Hickey A, John D, Sasaki JE, Mavilia M, & Freedson P (2016). Validity of activity monitor step
detection is related to movement patterns. Journal of Physical Activity and Health, 13(2), 145-153.
10.1123/jpah.2015-0203 [PubMed: 26107045]

John D, Morton A, Arguello D, Lyden K, & Bassett D (2018). “What is a step?” Differences in
how a step is detected among three popular activity monitors that have impacted physical activity
research. Sensors, 18(4), Article 1206. 10.3390/s18041206 [PubMed: 29662048

Koo TK, & Li MY (2016). A guideline of selecting and reporting intraclass correlation coefficients for
reliability research. Journal of Chiropractic Medicine, 15(2), 155-163. 10.1016/j.jcm.2016.02.012
[PubMed: 27330520]

Kooiman TJ, Dontje ML, Sprenger SR, Krijnen WP, vander Schans CP, & de Groot M (2015).
Reliability and validity of ten consumer activity trackers. BMC Sports Science, Medicine and
Rehabilitation, 7, Article 24. 10.1186/s13102-015-0018-5

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



1duosnuely Joyiny 1diosnuely Joyiny 1duosnuely Joyiny

1duosnuely Joyiny

Hyde et al.

Page 13

Korpan SM, Schafer JL, Wilson KC, & Webber SC (2015). Effect of ActiGraph GT3X+ position and
algorithm choice on step count accuracy in older adults. Journal of Aging and Physical Activity,
23(3), 377-382. 10.1123/japa.2014-0033 [PubMed: 25102469]

Kraus WE, Janz KF, Powell KE, Campbell WW, Jakicic JM, Troiano RP, Sprow K, Torres A, & Piercy
KL (2019). Daily step counts for measuring physical activity exposure and its relation to health.
Medicine & Science in Sports & Exercise, 51(6), 1206—1212. 10.1249/mss.0000000000001932
[PubMed: 31095077]

Kukull WA, Higdon R, Bowen JD, McCormick WC, Teri L, Schellenberg GD, van Belle G, Jolley
L, & Larson EB (2002). Dementia and Alzheimer disease incidence: A prospective cohort study.
Archives of Neurology, 59(11), 1737-1746. 10.1001/archneur.59.11.1737 [PubMed: 12433261]

Lee I-M, Shiroma EJ, Kamada M, Bassett DR, Matthews CE, & Buring JE (2019). Association of step
volume and intensity with all-cause mortality in older women. JAMA Internal Medicine, 179(8),
1105-1112. 10.1001/jamainternmed.2019.0899 [PubMed: 31141585]

Maula A, LaFond N, Orton E, Iliffe S, Audsley S, Vedhara K, & Kendrick D (2019). Use it or lose it:
A qualitative study of the maintenance of physical activity in older adults. BMC Geriatrics, 19(1),
Article 349. 10.1186/s12877-019-1366-x [PubMed: 31830900]

Moore CC, McCullough AK, Aguiar EJ, Ducharme SW, & Tudor-Locke C (2020). Toward
harmonized treadmill-based validation of step-counting wearable technologies: A scoping
review. Journal of Physical Activity and Health, 17(8), 1-13. 10.1123/jpah.2019-0205 [PubMed:
31775120]

Newman AB, Sanders JL, Kizer JR, Boudreau RM, Odden MC, Zeki Al Hazzouri A, & Arnold AM
(2016). Trajectories of function and biomarkers with age: The CHS all stars study. International
Journal of Epidemiology, 45(4), 1135-1145. 10.1093/ije/dyw092 [PubMed: 27272182]

Ortlieb S, Dias A, Gorzelniak L, Nowak D, Karrasch S, Peters A, Kuhn KA, Horsch A, Schulz H,

& Group KS (2014). Exploring patterns of accelerometry-assessed physical activity in elderly
people. International Journal of Behavioral Nutrition and Physical Activity, 11(1), Article 28.
10.1186/1479-5868-11-28 [PubMed: 24575796]

Paluch AE, Gabriel KP, Fulton JE, Lewis CE, Schreiner PJ, Sternfeld B, Sidney S, Siddique J,
Whitaker KM, & Carnethon MR (2021). Steps per day and all-cause mortality in middle-aged
adults in the coronary artery risk development in young adults study. JAMA Network Open, 4(9),
Article €2124516. 10.1001/jamanetworkopen.2021.24516 [PubMed: 34477847]

Park S, Marcotte RT, Toth LP, Paulus P, Lauricella LP, Kim AH, Crouter SE, Springer CM,
Staudenmayer JW, & Bassett DR (2021). Free-living validation and harmonization of 10 wearable
step count monitors. Translational Journal of the American College of Sports Medicine, 6(4),
Article ¢000172. 10.1249/tjx.0000000000000172

Ried-Larsen M, Breond JC, Brage S, Hansen BH, Grydeland M, Andersen LB, & Meller NC
(2012). Mechanical and free living comparisons of four generations of the Actigraph activity
monitor. International Journal of Behavioral Nutrition and Physical Activity, 9, Article 113.
10.1186/1479-5868-9-113 [PubMed: 22971175]

Rosenberg D, Walker R, Greenwood-Hickman MA, Bellettiere J, Xiang Y, Richmire K, Higgins M,
Wing D, Larson EB, Crane PK, & LaCroix AZ (2020). Device-assessed physical activity and
sedentary behavior in a community-based cohort of older adults. BMC Public Health, 20(1),
Article 1256. 10.1186/s12889-020-09330-z [PubMed: 32811454]

Ryan CG, Grant PM, Tigbe WW, & Granat MH (2006). The validity and reliability of a novel activity
monitor as a measure of walking. British Journal of Sports Medicine, 40(9), 779-784. 10.1136/
bjsm.2006.027276 [PubMed: 16825270]

Saint-Maurice PF, Troiano RP, Bassett DR Jr., Graubard BI, Carlson SA, Shiroma EJ, Fulton JE, &
Matthews CE (2020). Association of daily step count and step intensity with mortality among
US adults. The Journal of the American Medical Association, 323(12), 1151-1160. 10.1001/
jama.2020.1382 [PubMed: 32207799]

Toth LP, Park S, Springer CM, Feyerabend MD, Steeves JA, & Bassett DR (2018). Video-recorded
validation of wearable step counters under free-living conditions. Medicine & Science in Sports &
Exercise, 50(6), 1315-1322. 10.1249/mss.0000000000001569 [PubMed: 29381649]

Tudor-Locke C, & Aguiar EJ (2019). Toward comprehensive step-based physical activity guidelines:
Are we ready? Kinesiology Review, 8(1), 25-31. 10.1123/kr.2018-0065

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



1duosnuely Joyiny 1diosnuely Joyiny 1duosnuely Joyiny

1duosnuely Joyiny

Hyde et al.

Page 14

Tudor-Locke C, Barreira TV, & Schuna JM Jr. (2015). Comparison of step outputs for waist and
wrist accelerometer attachment sites. Medicine & Science in Sports & Exercise, 47(4), 839—842.
10.1249/mss.0000000000000476 [PubMed: 25121517]

Tudor-Locke C, Han H, Aguiar EJ, Barreira TV, Schuna JM Jr., Kang M, & Rowe DA (2018).
How fast is fast enough? Walking cadence (steps/min) as a practical estimate of intensity
in adults: A narrative review. British Journal of Sports Medicine, 52(12), 776-788. 10.1136/
bjsports-2017-097628 [PubMed: 29858465]

Tudor-Locke C, Johnson WD, & Katzmarzyk PT (2009). Accelerometer-determined steps per
day in US adults. Medicine & Science in Sports & Exercise, 41(7), 1384-1391. 10.1249/
MSS.0b013e¢318199885¢ [PubMed: 19516163]

Tudor-Locke C, & Rowe DA (2012). Using cadence to study free-living ambulatory behaviour. Sports
Medicine, 42(5), 381-398. 10.2165/11599170-000000000-00000 [PubMed: 22462794]

U.S. Department of Health and Human Services. (2018). Physical activity guidelines for Americans
(2nd ed.).

Wanner M, Martin BW, Meier F, Probst-Hensch N, & Kriemler S (2013). Effects of filter choice in
GT3X accelerometer assessments of free-living activity. Medicine & Science in Sports & Exercise,
45(1), 170-177. 10.1249/MSS.0b013e31826¢2cf1 [PubMed: 22895373]

Ware JE Jr. (2000). SF-36 health survey update. Spine, 25(24), 3130-3139.
10.1097/00007632-200012150-00008 [PubMed: 11124729]

Ware JE Jr., & Sherbourne CD (1992). The MOS 36-item short-form health survey (SF-36). 1.
Conceptual framework and item selection. Medical Care, 30(6), 473—483. [PubMed: 1593914]

Wijndaele K, Westgate K, Stephens SK, Blair SN, Bull FC, Chastin SF, Dunstan DW, Ekelund
U, Esliger DW, Freedson PS, Granat MH, Matthews CE, Owen N, Rowlands AV, Sherar LB,
Tremblay MS, Troiano RP, Brage S, & Healy GN (2015). Utilization and harmonization of adult
accelerometry data: Review and expert consensus. Medicine & Science in Sports & Exercise,
47(10), 2129-2139. 10.1249/mss.0000000000000661 [PubMed: 25785929]

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



1duosnuely Joyiny 1duosnuely Joyiny yduosnuely Joyiny

yduosnuely Joyiny

Hyde et al.

(@)

Frequency

Frequency

150

-
o
o

[$)]
o

()

Frequency

150

=
o
o

)]
o

Page 15
(b)
15,000 1
|
10,000 1
o
< 5,000 1
|
(DZ I
b3 0
-5,000
- : —10,000
10,000 20,000 0 10,000 20,000 30,000
Mean steps/day Mean AP steps/day
Device (d)
L} L} AGN
|
' 0
1 o
<
1 |
Z
1 V]
< 50
| I
T T —-100 = y T
50 100 0
Mean peak 1-min cadence
Device (f)
] ] AGy
! . AP 0
| I
o
| 1 Z
I I 40
z
Q
<
-80
I . £
T T T T I T .l
50 100 0 50 100 150

Mean peak 30-min cadence Mean AP peak 30-min cadence

Figure 1 —.

Hitograms and Bland—Altman plots comparing mean daily step counts (a and b), peak
1-min cadence (c and d), and peak 30-min cadence (e and f) for metrics derived using data
from concurrently worn AP and AGy. For the histograms (a, ¢, and ¢), the darker blue shade
(darker black shade in printed versions) represents overlap in distributions and dashed lines
represent the arithmetic mean of each distribution from both devices. For Bland—Altman
plots (b, d, and f), dashed black lines represent the arithmetic mean of the step-based metric
measured by the AP. The middle blue line represents the predicted difference (AG — AP)
and 95% LOA were calculated as predicted difference +1.96 times the SD. LOA = limits
of agreement; AP = activPAL3 micro accelerometer; AGy = ActiGraph GT3X+ with data
processed using the normal filter; AG = ActiGraph GT3X+ accelerometer.
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Histograms and Bland—Altman plots comparing mean daily step counts (a and b), peak

1-min cadence (c and d), and peak 30-min cadence (e and f) for metrics derived using

data from concurrently worn AP and AGy gg. For the histograms (a, ¢, and e), the darker

blue shade (darker black shade in printed versions) represents overlap in distributions and

dashed lines represent the arithmetic mean of each distribution from both devices. For

Bland—Altman plots (b, d, and f), dashed black lines represent the arithmetic mean of

the step-based metric measured by the AP. The middle blue line represents the predicted
difference (AG — AP) and 95% LOA were calculated as predicted difference +1.96 times the
SD. LOA = limits of agreement; AP = activPAL3 micro accelerometer; AGy pg = ActiGraph
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GT3X+ devices with data processed using the low frequency extension; AG = ActiGraph
GT3X+ accelerometer.
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Characteristics of Participants in the ACT Study Who Wore the ActiGraph GT3X+ and AP Accelerometers

Concurrently (N=953)

Age (years), mean (SD)
Gender, 1 (%)
Male

Female

Race and ethnicity,an (%)
Hispanic or non-White
Non-Hispanic White

Education, (%)

Less than high school
Completed high school
Some college

Completed college

BMI (kg/m?),”n (%)
BMI below 30
BMI 30 or above
Self-rated health, n (%)
Very good or excellent

Good, fair, or very poor

Difficulty in walking 0.5 miles, n (%)

None

Some

Device wear time (min/day), mean (SD)

AGy
AGrrg
AP

77.0 (6.6)

421 (44.2)
532 (55.8)

97 (10.2)
853 (89.5)

15 (1.6)
74 (7.8)
152 (16.0)
712 (74.7)

722 (75.8)
212 (22.2)

599 (62.9)
354 (37.1)

726 (76.2)
227 (23.8)

915.2 (66.7)
920.0 (66.8)
926.8 (64.1)

Note. ACT = Adult Changes in Thought; BMI = body mass index; AGN = ActiGraph GT3X+ processed with the normal filer; AG]_FE =
ActiGraph GT3X+ processed with the low frequency extension; AP = activPAL3 micro.

*Totals for race/ethnicity and BMI presented in the table deviate due to missingness. V(%) missing for each covariate: race and ethnicity, 3 (0.3%);

BML, 19 (2.0%).

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.



Page 20

Hyde et al.

“JuaWdAITR JO SHWI] = YO'T {[eAloiul

9OUAPIUOD = [ ‘UOISUSIXd Kousnbaly mo oy} um +X ¢ 1.0 ydernnoy = A Toy ey fewniou o) yym +X ¢ 10 ydeinnoy = NOy 0101 ¢ TyJANdE = gV ydnoy], ur saSuey)) Jnpy = LIV ION

(S6" 6" ¥6°
(96" ¥6) S6°
%0°L
$TL96-
(26'1°56'0) ¥¥'1

(SL 1) e
(26 °06") 16°
%0%C
€€ °L8E~
(26'91-"S¥'81-) 89'L1—-

912 L'SL
(L'87) 99
0¥ €¥L

(26" “06) 16°
(26" °06) 16
%Ly
601 °LEl-
(16°0-‘€6'1-) Tr'1—-

(8929 §9°
(L8 €8) <8
%€ 91
L'EL0°9p—
(PT°ST-"81°LT-) 9191~

(T61) €001
(067) §°58
(s'61) L'101

(Ts LY 6v°
(2606 16°
%L'TL
LOE'8 “6T9°1
(€80°G “€S8°7) 896

(@8 ‘6L) 18
(56" “€6") ¥6°
%TLT
L6 ‘66L ¢~
(ELL'T-"8T6'T-) 1S8'T—

(€LT%) 008°T1
(660°€) 186t
(L0S*€) 7€8°9

(1D %S6) UONB[ALI00 SOURPIOIUO)
(ID %S6) UOHR[ILIOD UOSIBdJ
Jua219d J0113 A)NJOSqe UBIA
VO %S6
(ID %S6) SOOUDIIMIP UBDIA

IV sA Moy
(1D %S6) UONB[ALI00 SOURPIOIUO))
(ID %S6) UODR[ILIOD UOSIBdJ
Ju2219d J0113 A)NJOSqe UBIA
VOT%S6
(ID %S6) SOOUIIIPIP UBDIA

dV 'sa Npy
m_n_4©<
Noy
dv

(@S) ueaw ‘93140

0UIPEI UIW-(¢ Yedd

DUIPED UrW-| Yedq

syunod days Apreq

(€56 =N) syuedionreq

J Meas Phys Behav. Author manuscript; available in PMC 2023 February 16.

Apmis 1DV Suowry ddTnyy oy pue ‘Noy oy) ‘Jv 9y) SuIs() poInseajy 90uape)) Jedd pue sjuno)) daig AJre J0J synsay judwadidy pue Arewwung
€ 9|qeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript



