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Abstract

Purpose: Given the limited real-world testing of algorithms for wrist-worn sensors to estimate
sedentary time, we examined the performance of 21 algorithms in free-living adults.

Methods: Seventy-one adults (35-65 years) wore a GENEActiv (wrist) and an activPAL

(thigh) sensor for up to 10 days. activPAL was our reference measure. We estimated sedentary
time (hours/day) using 21 classification algorithms, including cut point and machine-learning
methods. Valid days from each monitor were matched by date and mean values were calculated.
Equivalence testing (£10%) and linear regression were used to compare each algorithm’s estimate
to the reference, over all participants and by sex and age.

Results: activPAL recorded a mean of 9.4 hours/d sedentary. Five of 21 algorithms (24%)
estimated sedentary time within 10% (+0.94 hours) of the reference. Two of these methods
employed machine-learning algorithms (Trost Extended, OxWearables) and three employed cut
points (GGIR ENMO 40mg; Bakrania ENMO 32.6mg; Fraysse ENMOa 62.5mg). Variance
explained in linear regression was relatively high for the machine-learning (R?=0.44-0.63) and cut
point algorithms developed for younger (R2=0.30-0.64) and older (R2=0.45-0.66) adults. More
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accurate performance was noted for algorithms developed in studies using posture-based ground
truth measures and conducted in free-living settings.

Conclusion: Fifteen of 21 (71%) algorithms produced estimates of sedentary time that were
moderate-strongly correlated with the reference measure, but only five (24%) were within 10% of
the reference. Free-living benchmarking studies like this can identify more accurate and precise
algorithms to estimate sedentary time and identify characteristics of algorithm development
studies that yield better results.

Keywords
physical activity; public health; surveillance; epidemiology

INTRODUCTION

Adults in the United States (US) spend about 60% of their waking day, roughly 9.5 hours/
day, sitting while in transit, at work, or during leisure time (Matthews et al., 2021). Greater
amounts of sedentary behavior, or too much sitting, has been associated with a variety of
adverse health outcomes (Katzmarzyk et al., 2019) and reducing sedentary time is a key
part of the Physical Activity Guidelines for Americans, 2" Edition (i.e., “...move more

and sit less throughout the day”)(Piercy et al., 2018). Accordingly, measurement methods
that accurately distinguish between sedentary and physically active behaviors are critical for
epidemiologic studies of physical activity and health, public health surveillance, and health
promotion programs designed to reduce sedentary time and increase physical activity.

Epidemiologic studies utilizing sensors worn on the wrist, waist, and thigh have already
provided novel insights into the health risks of sedentary time and health benefits of physical
activity (Ahmadi et al., 2022; Chastin et al., 2015; Saint-Maurice et al., 2018; Walmsley et
al., 2022) and newer cohorts are now in position to make further advances (American Cancer
Society, 2024; “The German National Cohort: aims, study design and organization,” 2014;
Master et al., 2022). Many new studies have elected to have participants wear sensors on
their wrist to simplify monitor administration, improve compliance (Doherty et al., 2017),
and facilitate measurement of sleep, another important health behavior (e.g., (Fernandez-
Mendoza, 2019)). Increased use of wrist-worn sensors has spawned a broad effort to develop
classification algorithms that are applied to wrist movement and wrist orientation signals to
estimate time spent in sedentary and physically active behaviors (Liu et al., 2022). Simple
cut points and more complex algorithms to estimate sedentary time have been proposed

for use in middle-aged (Bakrania et al., 2016; Dillon et al., 2016; Esliger et al., 2011,
Hildebrand et al., 2017; Pavey et al., 2017; Rowlands et al., 2016) and older adults (Duncan
et al., 2020; Fraysse et al., 2020; Migueles et al., 2021; Sanders et al., 2019), including
cut-points for Euclidean norm minus one (ENMO) (Dillon et al., 2016; Esliger et al., 2011,
Fraysse et al., 2020; Hildebrand et al., 2017; Migueles et al., 2021; Sanders et al., 2019)

and mean amplitude deviation (MAD) acceleration metrics (Bakrania et al., 2016). Several
cut-point independent algorithms have also been proposed, including those which utilize
wrist orientation (Rowlands et al., 2016; Straczkiewicz et al., 2020) and machine-learning
methods (Ellis et al., 2016; Pavey et al., 2017; Walmsley et al., 2022).
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However, few of these methods have undergone rigorous (phase 111) performance evaluation
that includes: (1) testing in study populations independent from those employed to develop
the methods; (2) evaluation during free-living activities in daily life; and (3) use of strong
reference measures (Keadle et al., 2019). Furthermore, studies that have tested available
algorithms have tested either one, or just a few, algorithms at a time. Concurrent evaluation
of multiple algorithms against a common reference measurement can help identify methods
that are more accurate and equivalent to one another (Dixon et al., 2018), and may provide
insight into the elements of study designs employed to develop/calibrate the methods that
yield better results (Fuller et al., 2022).

Thus, to better understand the performance of algorithms to estimate daily sedentary time
using wrist-worn sensors, we evaluated a variety of methods in 71 adults in comparison to
estimates from a thigh-worn monitor used as our reference measurement.

Study Population.

Reference M

Participants in the Physical Activity, Light, and Sleep (PALS) study were recruited into a
sensor-based measurement study through word of mouth, social media advertisements, fliers
and via Facebook between September 2022 and March 2023. Inclusion criteria were that
participants were 3065 years of age and had internet access via a smart phone, tablet, or
computer. Exclusion criteria included orthopedic limitations that impair their ability to walk
and major health conditions (e.g., cancer, heart disease, liver, or kidney disease) that require
a restriction of physical activity at the time of recruitment. Recruitment was designed to
enroll comparable numbers of adults above and below 50 years of age. All participants read
and signed an informed consent document approved by the Institutional Review Board.

Each participant was asked to complete two in-person or virtual “laboratory visits”.
Participants completed a demographic questionnaire that asked to report their age (years),
sex, race and ethnicity, employment status, education level. Height and weight were self-
reported. They also wore an activPAL accelerometer on their thigh and a GENEActiv
accelerometer for 10-days. The monitors were distributed in-person or by mail as needed
using established protocols. Participants were also asked to complete an electronic sleep
diary each morning of the study period, from which time out of and into bed was extracted
and used to define the waking period for all measurements.

easure.

The activPAL4 (PAL Technologies Inc., Glasgow, Scotland) is a thigh-worn triaxial
accelerometer that samples at 20 Hz. Raw data were processed using activPAL software
(CREA, v8.10.12.60), and the resulting event files were further processed by incorporating
the start/stop times for each waking period using an R-package (activPAL processing,
v0.4.1) (17). For analysis, the resulting waking day estimates were categorized as hours per
day spent sedentary (sedentary, lying, traveling) and physically active (standing, stepping,
cycling), and daily step counts were calculated. The strong performance of the activPAL for
estimating sedentary time has been established in uncontrolled/free-living studies vs. direct
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observation (O’Brien et al., 2022). Seven studies using direct observation as criterion found
mean differences or mean error for the device to range from < 1% to 5% with a median
error of 1% (O’Brien et al., 2022). Three of these studies reported R? values at 0.94 or
greater. Thus, the group level performance of activPAL appears to approach that of direct
observation in free-living studies and was employed as the reference measure in our study.

Wrist-worn Accelerometer.

The GENEActiv monitor was initialized to collect raw 3-dimensional acceleration data at
40Hz and was worn on the non-dominant wrist. To develop analytic data for the sedentary
behavior classification algorithms that used cut-points, raw acceleration data was processed
using GGIR (v3.0.9), and GGIR parameters were set to exclude days with <19 hours of total
valid wear time (i.e., sleep and waking periods), and the first and last non-protocol days on
the file. Non-wear time was estimated from “invalid” epochs as defined by GGIR. Three
acceleration metrics were calculated (ENMO, ENMOa, MAD) and output to a 60-second
epoch data file to implement cut-point based algorithms within the waking periods defined
by the sleep diary data.

Classification Algorithms Evaluated.

Algorithms to be evaluated were identified through a general search via documentation in
available in the GGIR and Actimetric R packages used to score raw accelerometer data and
by review of citations associated with the original publications proposing the methods.

We identified 12 studies in younger and older adults that proposed 21 different algorithms,
16 of which were cut-point based (Bakrania et al., 2016; Dillon et al., 2016; Duncan et

al., 2020; Esliger et al., 2011; Fraysse et al., 2020; Hildebrand et al., 2017; Migueles et
al., 2021; Sanders et al., 2019) and 5 of which employed machine learning- methodologies
(Ellis et al., 2016; Pavey et al., 2017; Straczkiewicz et al., 2020; Walmsley et al., 2022).
All methods were processed using raw acceleration data and thus we assume monitor
independence and for descriptive purposes we also examined methods calibrated for both
the non-dominant, dominant, left, and right hands when available. We implemented the
machine-learning based methods using OxWearables code (Walmsley et al., 2022) and

the Actimetric R package (version 0.1.2)(Migueles et al., 2019). We attempted to use the
Sedentary Sphere method (Rowlands et al., 2016) but we were unable to generate reliable
results, and the method was dropped from our analysis.

A more detailed description of the calibration studies used to develop each algorithm
including the devices originally employed, study settings, training activities, reference
measures and study results are presented in Supplementary Table 1. Briefly, the machine-
learning based methods included Ellis (Ellis et al., 2016), OxWearables (Walmsley et

al., 2022) and Trost Original (Pavey et al., 2017) plus two extensions of Trost Original
implemented within the Actimetric R package that integrates sleep and wear time classifiers
(Trost Extended) (Ahmadi et al., 2020) and one that integrates a body posture classifier
using wrist orientation information (Trost SedUp) (Straczkiewicz et al., 2020). Cut point
thresholds developed within younger adult populations included those from Bakrania
(Bakrania et al., 2016), Hildebrand (Hildebrand et al., 2017), Dillon (Dillon et al., 2016)
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and Esliger (Esliger et al., 2011). We also included the default cut-point within GGIR of
ENMO 40 mg, which appears to be a derivative of Hildebrand (Hildebrand et al., 2017). Cut
point thresholds developed in older adult populations included those from Duncan (Duncan
et al., 2020), Miqueles (Migueles et al., 2021), Sanders (Sanders et al., 2019), and Fraysse
(Fraysse et al., 2020).

Statistical Methods.

RESULTS

Characteristics of the study population were described using means, standard deviations
(SD), frequencies, and percentages. We evaluated the performance of each algorithm in
comparison to days matched to the activPAL. Each valid day of observation for each monitor
included at least 8 hours of observation in the waking day, at least 30 minutes of sedentary
time, and monitor non-wear less than 5% of the waking day. For analysis, data from the date
matched valid days from each device were averaged.

Using methods described by Dixon and colleagues (Dixon et al., 2018), we completed
equivalence testing of the predicted values in comparison to the reference measure mean.
We then evaluated an equivalence region of £10% of the activPAL mean (0.94 hrs/d) and
calculated the mean difference between predicted values and the activPAL values. Next,
the 90% confidence intervals (90%Cl) for the mean differences were calculated. Here the
90%CI of the mean differences that are fully inside the equivalence region are statistically
equivalent to the reference measure at a = 0.05 (Dixon et al., 2018). Predicted values with
90%CI1 mean difference values that overlap or are outside of the equivalence region are not
equivalent to the reference. We also calculated p-values for two one-sided tests (TOST) for
non-equivalence (p < 0.05 indicates equivalence) using the R package equivalence (version
0.7.2).

We also plotted the relationships between the predicted values from the algorithms (y-axis)
and the activPAL (x-axis) and used linear regression to describe the amount of variance
explained (R2) and the overall accuracy and precision of each method (root mean square
error [RMSE]). In sensitivity analysis, we examined equivalence and regression results by
sex and age (< 50, = 50 years).

Eighty-four participants consented, 78 of them contributed some valid monitor data, and
71 had at least one valid day of observation from the wrist- and thigh-worn monitors
(Supplementary Figure 1). Mean age was 44.6 years and 79% of participants were women.
The group had a mean BMI of 25.4 kg/m?2, were well-educated, and most were married
(Table 1). Within the waking day (mean 15.1 hours/d) activPAL recorded means of 9.38
hours/d sedentary (62% of day), 5.68 hours/d active, and 8,280 steps/d. Participants wore
devices for a mean of 7.5 days.

Equivalence Testing

Figure 1 reports equivalence test results of accuracy (£10%) of each of the algorithms
compared to the thigh-worn reference measure (see Supplementary Table 1 for more
detail). Five of the 21 methods were found to be equivalent to the reference method
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(i.e., the 90%CI of the mean difference fell within the £10% equivalence region; see

also Supplementary Table 2). Two of these methods employed machine-learning based
estimates (Trost Extended, OxWearables) and three employed cut-point based estimates
(GGIR ENMO 40mg; Bakrania ENMO 32.6mg; Fraysse ENMOa 62.5mg). Thus, 16 of

the 21 algorithms (76%) produced estimates of sedentary time that were more than 10%
different from the reference mean, and 9 of 21 methods (43%) were biased by ~1.85 hours/d
or more.

Equivalence results among women were consistent with those reported in Figure 1, while
among men only the Bakrania ENMO 32.6 mg method remained equivalent in this smaller
group (n=15) (Supplementary Table 3). In general, bias was about 0.5 hours/d larger in men
compared to women for the methods found to be equivalent in the overall sample. Also, the
Trost + Sed UP method was found to be equivalent in men but not women (Supplementary
Table 3).

Equivalence results by age are reported in Supplementary Table 4 and we found Trost
Extended and Bakrania ENMO 32.6 mg to be equivalent in adults < 50 and = 50 years of
age, and results for OxWearables, GGIR default ENMO 40mg, and Fraysse ENMOa 62.5
mg to be equivalent only in adults < 50 years of age. The Trost + Sed UP method was found
to be equivalent in adults = 50 years of age. The magnitude and direction of bias observed

in sedentary time estimates derived from algorithms originally developed among older adults
remained consistent with our overall results reported in Figure 1 for adults < 50 and > 50
years of age.

Descriptive Results

Figures 2, 3 and 4 describe the relationships and linear regression results for the different
algorithms (y-axis) relative to the reference measure (x-axis). Values above the line of
identity indicate underestimates of sedentary time for an algorithm and values below the line
indicate overestimates. For the machine-learning based algorithms (Figure 2) the variance
explained (R?) ranged from 0.44 to 0.63 across methods and the root mean square error
(RMSE) values ranged from 1.09 to 1.33 hrs/d. The OxWearables method had the highest
RZ (0.63) and lowest RMSE, 1.09 hrs/d among these methods. Figure 3 describes results
for the algorithms from studies of younger adults. R? values ranged from 0.30 to 0.64 and
RMSE values ranged from 1.07 to 1.49 hrs/d. The Bakrania ENMO 32.6 mg and GGIR
default ENMO 40 mg values were more centered around line of identity, and the Bakrania
MAD 42.4 mg and Esliger 45.0 mg cut-points had the higher R? (0.64 and 0.60) and lower
RMSE values (1.07 and 1.12 hrs/d) among these methods. Figure 4 describes results for the
algorithms developed among older adults. R? values ranged from 0.45 to 0.60 and RMSE
values ranged from 1.12 to 1.32. The Fraysse ENMOa 62.5 mg cut-point had an R2 of 0.58
and an RMSE of 1.15 hrs/d.

Table 2 reports mean values and streamlined results from linear regression by sex and age
(< 50 and = 50 years). In general, R? values tended to be higher and RMSE values lower
for men compared to women, although the small number of men (n=15) suggests that this
comparison should be interpreted cautiously. Notably, in detailed analysis our results for
the Ellis machine-learning method that was developed in overweight women were no better
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when examined in women with BMI < 25 (mean bias +1.87 hrs/d; R?=0.53; RMSE=1.37) or
BMI = 25 (mean bias +1.70 hrs/d; R?=0.33; RMSE=1.23). In terms of age, R? values tended
to be higher and RMSE values lower for participants < 50 compared to those who were

> 50 years of age. This was true for methods employing machine-learning and cut-point
based methods and for methods developed among younger and older adults (Table 2). We
also examined results stratified by BMI (<25, >=25 kg/m?) and by activPAL step counts
(median split). We found broadly comparable results for differences in mean sedentary time
and RMSE values in the different strata but slightly lower R? values for the higher BMI and
lower step count groups (Supplementary Table 5).

Study Design Elements in the Algorithm Development Studies

We next examined characteristics of the study designs used to develop the included
classification algorithms. Ten algorithms were developed using oxygen consumption as

the reference measure and 11 used behavioral information related to body position
(Supplementary Table 1). Of the methods found to be equivalent in our field-based

testing (Figure 1), four of five (80%) were originally calibrated to behavioral/body posture
measures (Trost Extended, OxWearables, GGIR default ENMO 40mg, Bakrania ENMO
32.6mg). If we combine equivalent and borderline equivalent methods (i.e., 90%CI for
mean difference overlapped the equivalence interval), six of 11 (55%) of the methods using
behavioral metrics were this accurate, while only two in 10 (20%) of the methods using
oxygen consumption were in this range (Supplementary Figure 2). In terms of the settings

in which the activities were performed in the calibration studies, four of five (80%) of

the machine-learning methods used uncontrolled free-living information to train the models
and three (60%) of the methods (Trost Extended, OxWearables, Trost + SedUP) were at
least borderline equivalent to our field-based reference measure (Supplementary Figure

3). All the studies which developed cut points employed either Laboratory or Controlled
free-living activities, and five of 16 (31%) of the methods were at least borderline equivalent
(Hildebrand ENMO 45.8mg; GGIR default ENMO 40mg; Bakrania ENMO 32.6mg; Esliger
ENMOa 45mg; Fraysse ENMOa 62,5mg) in our evaluation.

DISCUSSION

We evaluated 21 different algorithms to estimate daily sedentary time from wrist-worn
sensors in 71 adults over a mean 7.5 days of free-living activity. While 15 of the 21
algorithms (71%) were moderate-to-strongly correlated with our reference measure (R2 >
0.5), only five (24%) were found to provide accurate estimates of mean sedentary time. This
suggests that most algorithms tested, given their relatively high correlations, can provide
useful insights in association studies of disease risk and correlates of behavior given to
their ability to identify those with lower and higher levels of sedentary time. However,

the large mean differences from one algorithm to the next suggests that quantification the
amount of sedentary time associated with poor health could vary substantially depending
on the algorithm used. Accurately quantifying the amount of behavior on the x-axis of

the dose-response curve for physical activity and health associations is essential for public
health translation. By rigorously evaluating a broad range of algorithms in an independent
free-living study population, our findings point to several methods that are more accurate
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and precise, and possibly several study design elements used for algorithm development that
may yield more robust estimates of sedentary time.

Even though at least 21 algorithms to estimate sedentary time have appeared in the literature,
it is surprising and worrisome that so few have been tested in free-living studies. The
Hildebrand cut point (ENMO 45.8mg) is one of the older methods and it has been
evaluated in daily life. In the original development study, it was found to overestimate
sedentary time by 34% vs. activPAL in free-living conditions (Hildebrand et al., 2017). In
a short-duration free-living direct observation study (Marcotte et al., 2020) the method was
found to overestimate sedentary time by ~20%. We found similar results, with a smaller
overestimate of ~12%. The consistency of these three results suggests that the Hildebrand
ENMO 45.8 mg overestimates sedentary time by 12 to 34%. It may be instructive that just
three free-living studies using strong reference measures begins to outline the performance
of this widely used algorithm. This information should inform dose-response results from
studies that use this method. The origin of the GGIR default ENMO 40 mg threshold is
not immediately clear, but if it was an adaptation of the published Hildebrand cut point the
lowering of the threshold resulted in more accurate estimates in our study.

We are the first to evaluate the Bakrania ENMO 32.6 mg threshold found to be equivalent
here, but Marcotte and colleagues (Marcotte et al., 2020) examined the ENMO 27.9 mg
threshold that was identified for differentiating sitting from dusting activity in Bakrania
(Bakrania et al., 2016) and found it to be ~10% lower than directly observed sedentary
time. Suorsa and colleagues (Suorsa et al., 2020) examined an ENMO 30 mg threshold
and found it to be 9% lower than estimates from a thigh worn device, with a Pearson r

of 0.62 (R? = 0.38). We found the slightly higher ENMO 32.6 mg threshold calibrated to
two common daily activities (vs. sitting) to be within 3% (—0.29 hrs/d) of our reference
with a relatively high R2 of 0.57. This threshold may be promising as simple approach to
estimating sedentary time, but additional work is needed to confirm our findings.

Outside of the original development studies for the Ox\Wearables (Walmsley et al., 2022) and
Trost Original (Pavey et al., 2017) algorithms we are unaware of other studies that evaluated
these methods. OxWearables was initially evaluated using leave one out cross-validation and
camera images as a reference measure and found estimates of sedentary time to be 86%
accurate (Walmsley et al., 2022) and these results are broadly consistent with the present
study. We found the Trost Extended method, which adds sleep and nonwear detection
information (Ahmadi et al., 2020) to the Trost Original algorithm to be more accurate than
Trost Original (Pavey et al., 2017) alone. We believe that this is the first independent test of
the Fraysse cut points (Fraysse et al., 2020) developed in older adults.

Implications for Future Algorithm Development and Testing

There were a wide range of study design/protocols used to develop of the 21 classification
algorithms examined here which enabled a qualitative evaluation of study design elements
associated with better algorithm performance. Of the five algorithms we found to be
equivalent, four were developed using behavioral/body posture-based measures as a
reference rather than oxygen consumption. Fifty five percent of algorithms that were
developed using behavior/posture-based reference measures were found to be more accurate
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(borderline equivalent or greater), while only 20% of the algorithms developed using
oxygen consumption alone were similarly accurate. Given the relevance of body posture

in classifying sedentary behavior, body posture should be incorporated into future algorithm
development studies. Similarly, 60% of the algorithms developed in the setting of free-living
activities were at least borderline accurate compared to 31% of algorithms developed in
laboratory and controlled free-living settings, highlighting the importance of algorithm
development in naturalistic environments (Keadle et al., 2019).

Our qualitative examination also demonstrated the importance of verifying the performance
of classification algorithms to ensure that they work as expected in new study populations.
The procedures that have been developed for standardizing/harmonizing clinical assays
(e.g., blood cholesterol, hormones) involves three basic steps (Vesper et al., 2016), the last
of which is to verify the performance of new assays in target patient populations. This
discipline has found that even state-of-the-art assay development methods can fail when
applied to target clinical populations (Vesper et al., 2016). Our study revealed at least

three unexpected results that would not have been identified without testing. First, two of
the machine-learning algorithms (OxWearables, Ellis) were both developed in free-living
populations using the same reference measure (i.e., camera images), but the OxWearables
algorithm performed better in our testing. Second, we found that two cut points derived from
the exact same study protocol but using different acceleration metrics (Bakrania ENMO 32.6
mg, Bakrania MAD 42.4 mg) produced different results in our equivalence testing. Third,
we employed the non-dominant wrist location to test some algorithms developed for the
dominant and right wrists. Our qualitative review showed large differences in cut-points

for each wrist location for some study protocols (Esliger, Dillon, Fraysse) but not others
(Duncan, Miqueles), suggesting the potential for a protocol effect vs. a wrist location effect.
We also found the Fraysse 62.5 mg ENMOa cut point developed for the dominant wrist to
be equivalent to the activPAL when applied using the non-dominant wrist location. It is not
clear to us what may explain these unexpected findings, but our independent testing using

a common benchmark reference measure in free-living adults points to important areas for
future investigation.

The limited amount of independent testing of the many algorithms proposed to estimate
sedentary time using wrist-worn sensors is consistent with the more general problem of lack
of rigorous testing of methods in the field of ambulatory monitoring. A recent review of
free-living validation studies of 163 wearable sensors found that about 60% of the methods
proposed for use were only tested once, and virtually all the free-living validation testing
that was done was of lower quality (Giurgiu et al., 2022). To more completely understand
the accuracy and precision of sensor-based measure of physically active and sedentary
behaviors there is a need for additional large benchmarking studies like this one using a
common evaluation framework (Keadle et al., 2019) to build an evidence base that identifies
accurate and precise algorithms for estimating sedentary time and overall physical activity
(Giurgiu et al., 2022). Data from this study is available on request.

This performance evaluation study has several strengths including a relatively large number
of middle-aged adults studied in a 10-day free-living protocol. The reference measure
(activPAL) has been shown to be accurate and precise for estimating sedentary time in

J Meas Phys Behav. Author manuscript; available in PMC 2025 August 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Matthews et al.

Page 10

comparison to direct observation, a gold standard measure, in free-living populations.

Use of this reference measure assumes that sitting and reclining behaviors involving

upper body activity that substantially increase energy expenditure are relatively rare (e.g.,
weightlifting, arm ergometry), with only small impacts on average sedentary time in the
overall population. We also examined many algorithms that enabled both the identification
of more accurate methods and provided some insight into the study design elements
associated with algorithms that produced more accurate daily estimates. Weaknesses of our
study included enrollment of generally healthy adults and only a small number of men and
older adults. This may reduce the generalizability of our findings, particularly with respect
to understanding sex differences and the performance of algorithms that were developed

for adults over 70 years of age. It would be interesting to begin to test the hypothesis that
age-specific algorithms to estimate sedentary time are needed utilizing free-living validation
studies such as this but with a wider age distribution. There were several algorithms for wrist
data that we did not evaluate. When this project was initiated, code for generating activity
counts that would allow evaluation of ActiGraph-based algorithms (Montoye et al., 2020)
was less readily available, limiting the inclusion of these methods in this report. Also, we
were unable to reliably implement the Sedentary Sphere algorithm which has shown strong
performance previously vs. activPAL (Pavey et al., 2016; Rowlands et al., 2016). However,
our evaluation of the Trost + SedUp algorithm provides some insight into the ability of
wrist orientation to estimate sedentary time. Also, we focused only on algorithms to estimate
sedentary time here because we did not have a strong reference measure for more refined
estimates of physical activity (e.g., moderate-vigorous intensity activity). Future studies are
needed to confirm our results by sex and in older adults. Last, we studied adults without
major mobility impairments or significant comorbidities, and this should be taken into
consideration when interpreting our findings.

CONCLUSION

Wrist-worn sensors are increasingly being used in epidemiologic studies the results of
which will inform future public health recommendations, worldwide surveillance efforts,
and health promotion programs in community and clinical settings. To date, there has

been limited information about the accuracy of sedentary time estimates derived from wrist
worn sensors, which is surprising because understanding the accuracy of the algorithms

is essential for translating findings from etiologic health studies regarding the amount of
sedentary time associated with poor health. Estimating sedentary time accurately is also
essential for the accurate estimation of light intensity physical activity. To move beyond
general advice to “sit less” toward providing specific recommendations for the amounts of
sitting time associated with increased risk, measurement methods that produce consistently
accurate measurements are needed. Last, we hope that this large benchmarking study
informed by a strong framework for evaluation (Keadle et al., 2019) will serve as a model
for future more comprehensive efforts that will accelerate our ability to identify more
accurate and precise measures of sedentary time and physical activity using wrist-worn
sensors (Giurgiu et al., 2022).
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HIGHLIGHTS

1. Real-world testing of classification algorithms for wrist-worn sensors to
estimate sedentary time against strong reference measures in adults is limited.

2. Although all the wrist-based algorithms evaluated were moderate to strongly
correlated with the reference measure of sedentary time, only five of 21 (24%)
algorithms were equivalent to the reference measure (£10%).

3. Algorithm development studies conducted in uncontrolled/free-living settings
or that employed posture-based criterion measures tended to produce more
accurate classification algorithms.
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Figure 1.
Equivalence testing for each method vs. activPAL (x10% of mean).

Values within dotted line (in red) are equivalent to reference method. Wear location was
non-dominant wrist unless indicated (L=left, R=right; D=dominant).
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Figure 2.

Machine-learning based methods (y-axis) vs. activPAL (x-axis), including linear regression
results (N=71).

Values are hrs/d.

Solid line = line of identity; red dotted line = regression prediction line. Each method used
the non-dominant wrist.
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Description of study population

Table 1.

Variable All (n=71) Women (n=56)  Men (n=15)
Age (mean, SD) 44.6 (10.6) 44.9 (10.9) 43.6 (9.4)
Age Group
Less than 40 28 (39%) 21 (38%) 7 (47%)
40 -50 15 (21%) 12 (21%) 3 (20%)
50 - 60 22 (31%) 18 (32%) 4 (26%)
60 and older 6 (9%) 5 (9%) 1(7%)
Body mass index (mean, SD) 25.4 (3.9) 25.0 (3.9) 26.8 (3.7)
Body mass index 30+ (n, percent) 11 (15%) 7 (13%) 4 (27%)
Comorbidities, 1 or more (n, percent) 19 (27%) 15 (27%) 4 (27%)
Education
1-3 years college/Associate’s 11 (16%) 10 (18%) 1 (7%)
College graduate 35 (49%) 26 (46%) 9 (60%)
Master’s degree 19 (27%) 16 (29%) 3 (20%)
PhD or equivalent 6 (8%) 4 (7%) 2 (13%)
Marital Status
Married 48 (68%) 37 (66%) 11 (74%)
Partnered 9 (13%) 7 (12%) 2 (13%)
Single 8 (11%) 6 (11%) 2 (13%)
Divorced/Separated 6 (8%) 6 (11%) 0
Race
White 54 (76%) 44 (78%) 10 (67%)
Black/African American 0 0 0
American Indian/Alaskan Native 3 (4%) 1 (2%) 2 (13%)
Asian 3 (4%) 2 (4%) 1 (7%)
Native Hawaiian/Pacific Islander 1 (2%) 1(2%) 0
Mixed race 8 (11%) 6 (11%) 2 (13%)
Other/Declined to answer 2 (3%) 2 (4%) 0
Ethnicity
Hispanic or Latino 17 (24%) 13 (23%) 4 (27%)
Not Hispanic or Latino 54 (76%) 43 (77%) 11 (73%)
Reference Measure (activPAL)
Sedentary time (hours/d) 9.38 (1.8) 9.38 (1.8) 9.36 (1.7)
Active time (hours/d) 5.68 (1.9) 5.63 (1.9) 5.85(1.8)
Steps (per day) 8,280 (3,708) 8,188 (3,911) 8,626 (2,912)
Waking day (hours/d) 15.1(0.8) 15.0 (0.8) 15.2 (0.5)
Valid days (number) 75(2.2) 75(2.1) 75(2.5)
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