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Background: The authors assessed agreement between participant diaries and two automated 

algorithms applied to activPAL (PAL Technologies Ltd, Glasgow, United Kingdom) data for 

classifying awake wear time in three age groups.

Methods: Study 1 involved 20 youth and 23 adults who, by protocol, removed the activPAL 

occasionally to create nonwear periods. Study 2 involved 744 older adults who wore the 

activPAL continuously. Both studies involved multiple assessment days. In-bed, out-of-bed, and 

nonwear times were recorded in the participant diaries. The CREA (in PAL processing suite) and 

ProcessingPAL (secondary application) algorithms estimated out-of-bed wear time. Second- and 

day-level agreement between the algorithms and diary was investigated, as were associations of 

sedentary variables with self-rated health.

Results: The overall accuracy for classifying out-of-bed wear time as compared with the diary 

was 89.7% (Study 1) to 95% (Study 2) for CREA and 89.4% (Study 1) to 93% (Study 2) for 

ProcessingPAL. Over 90% of the nonwear time occurring in nonwear periods >165 min was 

detected by both algorithms, while <11% occurring in periods ≤165 min was detected. For the 

daily variables, the mean absolute errors for each algorithm were generally within 0–15% of 

the diary mean. Most Spearman correlations were very large (≥.81). The mean absolute errors 

and correlations were less favorable for days on which any nonwear time had occurred. The 

associations between sedentary variables and self-rated health were similar across processing 

methods.

Conclusion: The automated awake wear-time classification algorithms performed similarly to 

the diary information on days without short (≤2.5–2.75 hr) nonwear periods. Because both diary 

and algorithm data can have inaccuracies, best practices likely involve integrating diary and 

algorithm output.
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The activPAL (PAL Technologies Ltd, Glasgow, United Kingdom) is a thigh-worn 

accelerometer that distinguishes body posture and movement (i.e., lying, sitting, standing, 

and stepping) and is increasingly used in field-based sedentary research (Edwardson et al., 

2017). Unlike the commonly used hip accelerometer (e.g., ActiGraph), the activPAL is 

most often employed using a 24-hr wear protocol (Troiano, McClain, Brychta, & Chen, 

2014). This creates the problem of potentially misclassifying participants’ true in-bed 

time as sedentary time, or true sedentary time as in-bed time, if precautions are not 

taken. In addition, as with any accelerometer, precautions must be taken to minimize 

the misclassification of true nonwear time as awake wear time, which can result in an 

overestimation of sedentary time. Such errors in the estimation of sedentary time could lead 

to inaccurate population prevalence estimates and introduce bias when testing associations 

between sedentary time and health or other factors. These awake wear-time considerations 

have traditionally been addressed in activPAL research by having participants track in-bed 

and nonwear times in a diary (Edwardson et al., 2017), but such diaries add participant, data 

collection, and processing burden, and the diary data are often incomplete due to challenges 

with compliance.

Carlson et al. Page 2

J Meas Phys Behav. Author manuscript; available in PMC 2021 August 25.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



More recently, automated algorithms have been created to estimate the awake wear time 

from activPAL data. A third-party algorithm, “ProcessingPAL,” classifies periods of awake 

wear, in-bed, and nonwear time. (The latter two are not differentiated, but rather, are 

combined.) It was developed in one hundred and twenty-five 18- to 40-year-olds and has 

been shown to have good validity in a sample of 741 adults ≥35 years old (Winkler et al., 

2016), but has not been tested in youth. The ProcessingPAL algorithm is available through 

a publicly available java-based software application that allows users to adjust certain 

parameter settings and review data visually to make corrections (Shashidar Ette, 2020). 

Another algorithm was developed by PAL Technologies Ltd., the maker of activPAL and the 

PAL processing software, with the aim of classifying periods of awake wear, in-bed, and 

nonwear time (the latter two are classified separately; PAL Technologies Ltd, 2020). This 

algorithm is available in the PAL software suite when using the “CREA (Enhanced analysis 

algorithm: non-wear, upright correction, lying, cycling, seated transport)” processing setting. 

The parameter settings are not adjustable by end users.

Despite the potential benefits of these algorithms for supporting physical behavior research 

that uses activPAL, little evidence is currently available regarding their validity, particularly 

for CREA and in youth, which limits their use in research. This paper presents two studies 

that aimed to investigate the convergent validity of the ProcessingPAL and CREA activPAL 

awake wear-time classification algorithms as compared with participant diaries in three 

age groups. Study 1 involved a small sample of youth and adults who wore the activPAL 

using a prescribed protocol that involved a mixture of 24-hr wear time, removal during 

in-bed time, and brief (≈ 30–120 min) nonwear periods across 3–5 days to capture various 

potential circumstances that can occur in field-based studies. The emphasis on internal 

validity—the wear protocol and the attention to the accuracy of the bed and nonwear 

logs—supported an investigation of between-method agreement with fine granularity (e.g., 

second-level epoch agreement), including during nonwear periods of different lengths. Study 

2 involved a large sample of older adults who wore an activPAL for 4–7 days. This study 

employed a wear protocol that is typical in field-based epidemiology and intervention 

studies, supporting external validity, and generalizability of findings. In addition, the large 

sample and assessment of health measures supported an investigation of concurrent validity 

(i.e., associations with health markers).

Methods

Study 1—Participants and Procedures

Study 1 involved 20 youth and 23 adults who enrolled in an observational measurement 

study. The participants were recruited through an internal posting, targeting employees of 

a large research hospital system and their family members. The eligibility criteria were 

being within the age range of 9–17 years (youth) or 18–60 years (adults), able to read and 

understand English, comfortable wearing an activPAL for 5 days and two nights, and willing 

to complete a diary to track in-bed and nonwear times. On two nights, the participants were 

instructed to wear the activPAL overnight (i.e., while in bed). On the other two nights, they 

were asked to remove the activPAL before getting into bed and reapply it when getting out 

of bed for the day. The participants were also instructed to remove the activPAL for three 
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nonwear periods of different lengths, with the requested lengths being approximately 30, 60, 

and 120 min. The participants were told they did not need to adhere to these lengths exactly. 

The participants chose when to initiate each nonwear period based on their schedules, but 

were instructed to not initiate or end a nonwear period within an hour of another nonwear 

or in-bed period. All instructions were provided to the participants verbally and in a written 

document that accompanied the diary. The accuracy of the diary was emphasized to the 

participants as the most important part of the study. The participants received the activPAL 

and instructions in person during an office visit. The instructions covered the diary, nonwear 

periods, and how to remove and readhere the activPAL. The study was approved by the 

Children’s Mercy institutional review board.

Study 2—Participants and Procedures

Study 2 leveraged the data from older adults who participated in the Adult Changes in 

Thought Activity Monitoring substudy. Adult Changes in Thought is a prospective cohort 

study that started in 1994 by enrolling approximately 2,000 adults aged 65 years or older 

without physician-adjudicated dementia. The participants were randomly sampled from 

the King County membership panels of Kaiser Permanente Washington (formerly Group 

Health), an integrated health care delivery system in the state of Washington. As the 

participants died or were diagnosed with dementia, new participants were randomly selected 

from the same King County sampling frame. From 2016 to 2018, 1,885 participants were 

eligible to wear an activPAL for 7 days and to concurrently complete a diary to indicate 

the time they went to bed and the time they got out of bed each day. A detailed STROBE 

diagram was published elsewhere (Rosenberg et al., 2020). The participants were asked to 

wear the device at all times, including overnight. Unlike in Study 1, the participants were 

asked to wear the activPAL device continuously for 7 days and not to remove it for any 

reason, if possible. The criteria for inclusion in the present analysis included the following: 

(a) availability of data from the concurrent wear of both the activPAL and ActiGraph, which 

enabled high-quality control through a rigorous visual inspection of overlay plots of the 

concurrently worn data, although ActiGraph data were not used in the present analyses; (b) 

complete diaries recording in-bed and out-of-bed times; and (c) device wear for 4 or more 

days, with 10 or more hours of awake wear time. Of the 954 participants who met these 

criteria, 204 were excluded due to having incomplete diaries, resulting in a final sample 

of 744 participants. The study was approved by the Kaiser Permanente institutional review 

board.

Measures

Diary.—All participants used a diary to track the date and time (to the minute) they got into 

bed for the night and out of bed for the day the following morning. In Study 1, the diary 

was also used to track the start and end date and time (in minutes) of all occurrences of the 

activPAL being removed, which determined valid wear time.

activPAL.—All participants wore an activPAL on their thigh with medical-grade adhesive. 

Study 1 used the activPAL4, and Study 2 used the activPAL3. Both studies required a 

minimum of 10 s in a new posture for that new posture to be registered. The data provided 

by each activPAL were processed to create a second-level epoch file that indicated for every 
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second whether the participant was sedentary (lying or sitting) or not sedentary (standing or 

walking).

Out-of-bed time, in-bed time, and nonwear-time processing.—Each second of 

data was classified as out-of-bed time, in-bed time, or nonwear time based on the (a) 

participant diaries, (b) ProcessingPAL algorithm (GitHub, 2020), and (c) CREA algorithm 

(PAL Technologies Ltd, 2020), with the exception that ProcessingPAL does not differentiate 

between in-bed and nonwear time, but rather, combines the two. Out-of-bed time represents 

awake wear time, but we used the terms “out-of-bed” and “in-bed” because the algorithms 

do not aim to capture when a participant was actually asleep or awake. A primary difference 

between the ProcessingPAL and CREA algorithms is that ProcessingPAL bases the 

aforementioned classifications on posture codes, and the algorithms are published (Winkler 

et al., 2016), whereas CREA uses proprietary algorithms applied to raw accelerometer 

data. Specifically, ProcessingPAL makes classifications based on periods without posture 

change/movement, using the event types sitting, standing, and stepping provided by the 

VANE (standard) classification algorithm in the PAL software suite. The default settings in 

ProcessingPAL (shortest bout threshold of 30 min, long bout threshold of 120 min, longest 

bout threshold of 300 min, check window length of 15 min, and maximum number of steps 

of 20) were used in the present study based on their established validity in adults (Winkler et 

al., 2016), with the exception that Study 1 used 25 min for the shortest bout threshold. This 

was to account for the possibility that the participants engaged in nonwear bouts that were 

slightly <30 min. ProcessingPAL also includes an option for users to visualize 24-hr data for 

each participant and, unlike CREA, to change and adapt settings for different populations 

and/or make manual corrections to the outputs of the algorithm. This semiautomated data 

processing approach was not used in the present study. The newer CREA algorithm available 

in the PAL software suite provides additional event types to those provided by the VANE 

algorithm, including primary lying, which is used to classify in-bed time, and nonwear. A 

secondary lying classification is also provided by CREA and is grouped with sitting when 

summing the daily sedentary time. Similar to the sitting, standing, and walking event types, 

these additional event types are derived from the raw accelerometer data from the activPAL 

using proprietary algorithms. However, no published research yet exists on the accuracy 

of these additional event types. The present study used the “events” files from the CREA 

algorithm, which have a separate row for each continuous period of a given event type (e.g., 

primary lying) and each individual step. In the events files, brief awakenings that involve 

movement (e.g., walking to the bathroom) can result in a gap in primary lying, thus being 

classified as out-of-bed time wear time. In-bed and nonwear times are also available in the 

day-level files from the CREA algorithm, with time in bed calculated as the duration of time 

between when the participant first got in bed (e.g., for the night) and last got out of bed (e.g., 

in the morning). Thus, in the day-level files, brief awakenings that include nonlying events 

(e.g., stepping) are regularly classified as part of in-bed time.

Day-level variables.—For both studies, the out-of-bed time (in minutes per day), total 

sedentary time (in minutes per day), percentage of awake wear time spent sedentary (total 

sedentary time ÷ out-of-bed time), mean sedentary bout duration (mean of all sedentary 

bouts; minutes), number of breaks per day from sedentary time, and in-bed time (in minutes 
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per day) were calculated at the day-level using events files. The PAL event files derived 

using the VANE (standard) PAL processing algorithm were used for creating the day-level 

variables that were based on awake wear time indicated by the diary (i.e., the two data 

sources were merged). ProcessingPAL adds awake wear-time information to the VANE

processed PAL events file, which was used to compute the ProcessingPAL-based day-level 

variables. CREA results in a PAL events file that includes information on sedentary events, 

nonwear events, and in-bed (primary lying) events, which was used to compute CREA-based 

day-level variables. A break from sedentary time (i.e., sit-to-stand postural transition) was 

defined as any time a standing/walking period lasting ≥10 s was preceded by a sedentary 

(sitting/lying) period lasting ≥10 s, and the sedentary periods preceding each standing/

walking second were considered sedentary bouts (no tolerance). The day-level variables 

were based only on days with sufficient wear time to be considered a valid day (≥8 hr in 

Study 1 and ≥10 hr in Study 2).

Other participant variables.—In Study 1, participant age and sex were reported by 

the participants. In Study 2, participant age, sex, race/ethnicity, and education status were 

assessed via survey, and self-rated health was assessed with a single item asking, “In 

general, how would you rate your health at this time?” (Ware & Sherbourne, 1992). The 

response options were excellent, very good, good, fair, and poor and were dichotomized to 

good, poor, fair versus excellent, and very good for the present analyses.

Statistical Analysis

For Study 1, contingency tables were used to calculate second-level agreement between 

diary and ProcessingPAL, diary and CREA, and CREA and ProcessingPAL, and F1 scores 

and overall accuracy were calculated. Next, the algorithms’ validity for classifying nonwear 

time was investigated separately by length of nonwear period, with diary-determined 

nonwear periods grouped as 25–40, 45–94, 120–165, and ≥165 min. These groupings were 

based on the data and generally reflected the flexible nonwear durations that the participants 

were instructed to engage in (30, 60, and 120 min and overnight). The periods prior to 

the time the participant first put the device on (tracked by research staff) and after the 

participant last wore the device (tracked in the diary) were removed from the data. Days with 

insufficient wear time to be considered a valid day were retained in the second-level epoch 

analyses because of the smaller sample size in Study 1, and the second-level agreement 

results were unlikely to be affected if a representation of the participants’ full waking hours 

was not captured.

For Study 2, binary classification measures (accuracy, F1 scores, sensitivity, specificity, and 

kappa) assessed second-by-second agreement in measuring out-of-bed wear time (yes/no) 

between each algorithm and the sleep diary. We were also interested in quantifying the 

within- and between-person variation in how accurate each algorithm classified out-of-bed 

wear as compared with the diary. Day-level accuracy values (percentage of seconds for 

which the algorithm and diary agreed) were computed for all 5,135 days and entered in an 

intercept-only mixed-effects regression model run separately for ProcessingPAL and CREA. 

The between- and within-person (i.e., across days) components of variation in accuracy 

were then compared using the following two ratio measures: ProcessingPALwithin-person/
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CREAwithin-person and ProcessingPALbetween-person/CREAbetween-person. Confidence intervals 

(CIs) for each ratio were estimated using bootstrapping. Day-level accuracy was logit 

transformed due to nonnormality, but this did not affect the interpretation of the ratio 

measures.

In both studies, the day-level means and SDs in the daily variables (e.g., minutes of 

out-of-bed time) were calculated for each processing method (diary, ProcessingPAL, and 

CREA). The mean absolute error (MAE), Lin’s concordance correlation coefficient (CCC) 

(Lin, Hedayat, Sinha, & Yang, 2002), and Spearmen correlations compared metrics between 

the diary and ProcessingPAL, the diary and CREA, and CREA and ProcessingPAL. The 

mean differences between the methods were assessed using mixedeffects linear regression, 

accounting for nesting of days within participants. In Study 1, analyses were conducted 

separately for days with and without prescribed nonwear time, and interactions were used to 

test whether agreement between methods differed by age group (youth vs. adult).

In Study 2, participant-level associations of total sedentary time, percentage of time spent 

sedentary, mean bout duration, and number of breaks with self-rated health were investigated 

for each wear-time processing method using mixed-effects regression, adjusting for age, sex, 

race/ethnicity, education status, and out-of-bed time. All sedentary behavior metrics—total 

sedentary time, percentage of time spent sedentary, mean bout duration, and number of 

breaks—were standardized to a mean of 0 and SD of 1 before analysis. These models were 

used to determine whether associations between sedentary time and health differed by the 

wear-time processing method. Horton’s method (Horton & Fitzmaurice, 2004) was used to 

test whether the associations were significantly different between methods.

Statistical analyses were performed in SPSS (version 24.0; 1BM Corp., Armonk, NY; 

IBM Corp., 2016) and R (The R Foundation for Statistical Computing, 2019). CCCs, 

Spearman correlations, and kappas were interpreted as small (≤.40), moderate (.41–.60), 

large (.61–.80), and very large (.81–1.0; Landis & Koch, 1977).

Results

Sample Characteristics

In Study 1, the youth participants were 9–17 years old (mean = 13.3, SD = 2.5), and 40.0% 

were female. The adult participants were 20–56 years old (mean = 41.3, SD = 10.2), and 

73.9% were female. Race/ethnicity was not collected in Study 1. The Study 2 sample had a 

mean age of 76.8 (SD = 6.5) years; 57.5% were female, 90% were non-Hispanic White, and 

75.5% had a college degree.

Study 1

Overall, the second-level accuracy for classifying out-of-bed, in-bed, and nonwear time 

was 89.7% for CREA and 89.4% for ProcessingPAL, as compared with the diary. CREA 

correctly identified 95.1% of the diary-determined out-of-bed time (F1 score = 92.7%), 

91.7% of the diary-determined in-bed time (F1 score = 87.2%), and 72.4% of the diary

determined nonwear time (F1 score = 82.0%) (Table 1). ProcessingPAL correctly identified 

91.1% of the diary-determined out-of-bed time (F1 score = 91.3%) and 86.9% of the 
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diary-determined in-bed/nonwear time (F1 score = 86.6%). Agreement differed only slightly 

between youth and adults (CREA overall accuracy = 90.0% and 89.3%; ProcessingPAL 

overall accuracy = 89.0% and 89.9%, respectively). ProcessingPAL had similar second-level 

agreement with CREA, as it did with the diary, with an overall accuracy of 90.9% between 

algorithms for classifying out-of-bed and in-bed/nonwear time (Supplementary Table 1 

[available online]). ProcessingPAL identified 90.5% of the CREA-determined out-of-bed 

time (F1 score = 92.7%) and 91.7% of the CREA-determined in-bed/nonwear time (F1 score 

= 88.0%).

When the devices were removed for shorter durations (bouts of 25–165 min), CREA 

misclassified 90.6–94.6% of the nonwear time as wear time. Only 8.6% of nonwear 

time in bouts ≥165 min in duration was misclassified as out-of-bed wear time (Table 

2). ProcessingPAL misclassified 89.0–94.7% of the diary-determined nonwear time during 

nonwear bouts lasting 25–165 min, but only 5.1% of the nonwear time during nonwear bouts 

lasting ≥165 min, as out-of-bed time.

In the day-level analyses of days without prescribed nonwear time (i.e., devices were not 

removed), the mean differences between the diary and each algorithm were nonsignificant, 

and MAEs for each algorithm relative to the diary mean were ≤4.0% (Table 3). The 

exception was that the MAE for the CREA-estimated in-bed time was 12.7% of the diary 

mean. The CCCs were moderate (CREA) or small (ProcessingPAL) for the out-of-bed 

time and total sedentary time, and large or very large for the percentage of wear time 

spent sedentary, mean bout duration, number of breaks, and in-bed time (CREA and 

ProcessingPAL). The Spearman correlations were very large for all variables for both CREA 

and ProcessingPAL. ProcessingPAL had similar agreement with CREA, as it did with the 

diary. Even though the mean difference between the algorithms for out-of-bed wear time 

was small (<3 min/day), the larger MAE (36.7 min/day) indicates that ProcessingPAL could 

result in either a lower or a higher estimate of out-of-bed wear time as compared with 

CREA, albeit the average difference was small (±4.6% of the CREA mean).

For days with prescribed nonwear time during waking hours, CREA significantly 

overestimated the out-of-bed time, total sedentary time, percentage of wear time spent 

sedentary, and number of breaks, and ProcessingPAL significantly overestimated the out-of

bed time and total sedentary time as compared with the diary. In addition, the differences for 

the percentage of wear time spent sedentary and number of breaks approached significance; 

Ps = .102 and .077, respectively. The MAEs were larger and CCCs smaller for days 

with nonwear time than days without nonwear time, and similar between CREA and 

ProcessingPAL for most variables. The Spearman correlations were smaller than for days 

without nonwear time, but were large or very large for both CREA and ProcessingPAL. 

For these days with prescribed nonwear time, ProcessingPAL generally had slightly better 

agreement with CREA than it did with the diary, particularly with regard to several of the 

MAEs. The mean differences between the algorithms were nonsignificant.

None of the day-level mean differences between methods differed between youth and adults, 

as indicated by the nonsignificant interaction tests.
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Study 2

Overall accuracy as compared with the diary for classifying each second as out-of-bed 

wear time was 95% for CREA and 93% for ProcessingPAL (Table 4). Sensitivity, which 

represents the proportion of diary-determined out-of-bed wear time correctly classified as 

out-of-bed wear time by the algorithms, was 97% for both CREA and ProcessingPAL. 

Specificity, which represents the proportion of diary-determined in-bed time correctly 

classified as in-bed wear time by the algorithms, was 91% for CREA and 86% for 

ProcessingPAL. The F1 scores were 96% for CREA and 95% for ProcessingPAL. Overall, 

kappa was 89% for CREA and 84% for ProcessingPAL. For CREA, 92% of the participants 

had a “very large” kappa (>.80), compared with 81% for ProcessingPAL. ProcessingPAL 

had similar second-by-second agreement with CREA, as it did with the diary, with an 

overall accuracy of 94% between algorithms for classifying out-of-bed and in-bed/nonwear 

time (Supplementary Table 2 [available online]). ProcessingPAL identified 97% of the 

CREA-determined out-of-bed time and 90% of the CREA-determined in-bed/nonwear time.

The ratio of the between-person variation in daily accuracy (ProcessingPALbetween-person/

CREAbetween-person) was 1.18 (95% confidence interval, CI [1.13, 1.23]), indicating that, 

on average, ProcessingPAL’s accuracy from one participant to the next varied more 

than CREA’s accuracy (i.e., CREA’s accuracy was more similar across participants than 

ProcessingPAL’s accuracy). The ratio of the within-person variation in daily accuracy 

(ProcessingPALwithin-person/CREAwithin-person) was 1.29 (95% CI [1.26, 1.32]), indicating 

that, on average, ProcessingPAL’s accuracy varied more within participants (from day to 

day) than did CREA’s accuracy (i.e., CREA’s accuracy was more similar across days for the 

same participant than ProcessingPAL’s accuracy). Supplementary Figure 1 (available online) 

shows examples of when the algorithms performed perfectly and poorly.

At the day level, CREA overestimated the daily out-of-bed time and underestimated the 

total sedentary time, number of breaks, and in-bed time as compared with the diary (ps < 

.001; Table 5). ProcessingPAL also overestimated the out-of-bed time and overestimated the 

total sedentary time and number of breaks (ps < .001). The MAEs were 6.1–13.1% of the 

diary mean for CREA and 5.1–12.7% of the diary mean for ProcessingPAL. The CCC for 

out-of-bed time was moderate for CREA and small for ProcessingPAL. For both algorithms, 

the CCCs were large or very large for total sedentary time, mean bout duration, and number 

of breaks. The CCC for in-bed time was moderate (CREA only). The MAEs and CCCs were 

slightly more favorable (showing better agreement) for CREA than ProcessingPAL, except 

with regard to the number of breaks. The Spearman correlations were large or very large for 

all variables for both CREA and ProcessingPAL, with the exception of ProcessingPAL out

of-bed time, which had a moderate correlation with diary out-of-bed time. ProcessingPAL 

had a slightly worse agreement with CREA than it did with the diary; the MAEs were 7.2–

17.9% of the CREA mean, except with regard to out-of-bed wear time. The mean difference 

between algorithms for out-of-bed wear time was moderate (19 min/day). The MAE was 

larger (68.2 min/day, 7.2% of CREA out-of-bed wear time), indicating that ProcessingPAL 

could result in either a lower or a higher estimate of out-of-bed wear time as compared with 

CREA.
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The differences in associations between standardized sedentary behavior metrics—total 

sedentary time, percentage of time spent sedentary, mean bout duration, and number of 

breaks—and self-rated health by the wear-time processing method were not statistically 

significant (Figure 1).

Discussion

Overall, both the CREA and ProcessingPAL awake wear-time classification algorithms 

appeared to have good validity for classifying out-of-bed time, in-bed time, and long periods 

of nonwear time based on agreement with the participant diaries. These algorithms did 

not appear to be able to validly classify nonwear periods less than about 2.5–2.75 hr. The 

findings were similar between youth and adults and across samples. The findings also 

pointed to several factors that researchers should consider when deciding whether to use an 

awake wear-time classification algorithm. Because both the diary and algorithm data can 

have inaccuracies, best practices likely involve integrating diary and algorithm output.

A primary finding from Study 1 was that the validity of the awake wear-time algorithms 

was poorer for days with known nonwear time and for periods of nonwear time lasting less 

than about 2.5–2.75 hr. Since activPAL is most commonly employed using a 24-hr wear 

protocol and adhered directly to a participant’s skin with waterproofing, it is often worn for 

multiple days without removal (Edwardson et al., 2017). Thus, nonwear time is typically 

of less concern when using activPAL than when using other devices, such as hip and wrist 

accelerometers (Troiano et al., 2014). However, given the possibility that the participants 

may remove the activPAL for relatively short periods of time (e.g., during certain sports 

or water activities) and the poor validity of the algorithms for classifying such nonwear 

periods, researchers should consider instructing participants to log their nonwear periods. 

While very short (e.g., 5 min) nonwear periods are not likely to have major impacts on the 

data quality for day- and participant-level measures, such as for estimates of minutes per day 

of sedentary time or the proportion of awake wear time spent sedentary, longer periods (e.g., 

30 min) could lead to an over- or underestimation of such measures.

Study 1 was also valuable in showing that the algorithms’ validity did not differ 

meaningfully between youth and adults. This is an important finding because youth are 

often excluded from the development and testing of such algorithms (Winkler et al., 2016), 

despite activPAL being commonly used in youth studies (Carson et al., 2016). The present 

findings suggest that these algorithms generally have validity for use in youth, taking 

into consideration their poor validity for classifying nonwear periods less than about 2.5–

2.75 hr. This consideration may be particularly important for youth studies because some 

evidence has shown that device-wear compliance (i.e., removing the device), including for 

activPAL, is poorer in youth as compared with adults (Clemes et al., 2020; McCrorie, 

Duncan, Granat, & Stansfield, 2015; Sherry et al., 2019; Shi et al., 2019; Verloigne, Ridgers, 

De Bourdeaudhuij, & Cardon, 2018). Thus, the manual tracking of nonwear time, such as 

from participant logs, may be particularly important in youth. It is also important to explore 

objective ways to classify relatively short nonwear periods, such as through more sensitive 

classification algorithms (e.g., with lower minimum nonwear thresholds), given that logs can 

be challenging for participants and particularly youth.
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Although the participant-level absolute agreement between the diary and algorithms (bias 

and MAE) was less than perfect, more so in Study 2 than Study 1, the participant-level 

Spearman correlations between the methods were high. This indicates that the participants 

were rank ordered similarly on the variables, such as sedentary time, when using the diaries 

versus algorithms to classify awake wear time. This finding, paired with the finding that 

associations of sedentary variables with self-rated health did not differ across the awake 

wear-time classification methods, suggests that the algorithms tested can be used validly 

in association-based research, such as epidemiology studies. However, some caution should 

be used when interpreting the absolute values of variables derived from data processed 

with these awake wear-time classification algorithms, for example, if seeking to identify a 

specific threshold of sedentary time (in minutes per day or percentage of time) on which 

to base a guideline or recommendation. Researchers should clearly report their processing 

methods, including how in-bed and nonwear times were accounted for, to support replication 

and comparison across studies.

Although the findings were generally similar between studies, Study 2 showed slightly 

poorer agreement between the diary and classification algorithms tested. It is possible that 

the poorer agreement observed in Study 2 was due to measurement error in the diary data. 

A primary purpose of Study 1 was to test these algorithms, and thus, the quality of the diary 

was emphasized throughout recruitment, enrollment, and data collection activities, whereas 

the scope of Study 2 was much larger and the requirements around the diary were not as 

strict as in Study 1. Thus, the higher estimates for out-of-bed time (in minutes per day) 

by the algorithms as compared with the diary in Study 2 may have been partly due to an 

underestimation of true out-of-bed time in the diaries. For example, some participants may 

have recorded actual sleep times rather than in- and out-of-bed times, despite the instructions 

to do the latter. In addition, although the bias values (differences between methods) were 

significant for most variables in Study 2, the magnitudes of the bias and MAE values were 

small (e.g., MAEs ≤ 13.1%). The significant p values can be attributed to the large sample 

size for Study 2.

Although the CREA and ProcessingPAL algorithms had good agreement with one another, 

there appeared to be some minor differences between the output of the algorithms. This 

could be due in part to differences in the information used by each algorithm—with CREA 

basing in-bed classification on thresholds around whether the participant was in a lying 

position (i.e., primary lying events) and ProcessingPAL basing classifications on changes in 

posture/movement (i.e., across sitting, standing, and stepping events). There were minimal 

differences in the validity of CREA and ProcessingPAL as compared with the diary. The 

findings from the second-level analyses suggested slightly better agreement between CREA 

and the diary than between ProcessingPAL and the diary, although the differences were 

minimal and may not be meaningful. The ratios of variation in accuracy between the 

algorithms suggested that there was a small subset of individuals for whom ProcessingPAL 

did not perform as well as CREA. A visual investigation of the data (examples shown in 

Supplementary Figure 1 [available online]) corroborate the ProcessingPAL considerations 

provided by Winkler et al. (2016). These include that a less pronounced movement 

difference between sleep and wake may reduce algorithm accuracy and that accuracy may 

be limited in populations prone to extremely prolonged sitting/lying during their waking 
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hours, who step very little or who have interrupted sleep patterns, since the algorithm 

relies heavily on assuming that very long periods spent in a single posture predominantly 

occur during sleep or nonwear. Thus, ProcessingPAL appears to have the potential to 

perform poorly for people who are very sedentary, such as those with limited mobility, 

and people who are restless sleepers, move heavily during sleep, and/or have fragmented 

sleep patterns. Relatedly, ProcessingPAL had slightly more favorable day-level validity than 

CREA for several indicators in Study 1 (youth and adults), whereas CREA had slightly 

more favorable validity than ProcessingPAL for several indicators in Study 2 (older adults). 

These differences by age group may, at least in part, be explained by more participants 

in the older adult sample being very sedentary (Rosenberg et al., 2020) and are in line 

with previous evidence from adults that showed ProcessingPAL’s accuracy was poorer in 

older participants (Winkler et al., 2016). One potential advantage of ProcessingPAL is that 

it includes a semiautomated data processing feature that allows users to visualize each 

participant’s data. This process can inform refinements to the parameter settings and/or 

allow users to manually correct or reject the outputs of the algorithm. It is possible that the 

use of this feature could lead to improved validity, but it requires more effort and knowledge 

on behalf of the user. When deciding which algorithm to use, the output of the algorithm 

should also be considered. Since ProcessingPAL does not distinguish between in-bed and 

nonwear time, CREA would be preferred for studies that aim to measure these events 

separately, for example, if in-bed time is of specific interest. It is important to note that 

neither algorithm can detect when a participant is asleep as opposed to lying down or not 

moving. With interest in sleep and the 24-hractivitycycle (Rosenberger et al., 2019), future 

activPAL algorithm research should aim to capture sleep metrics around sleep duration and 

quality.

Implications for Practice

The awake wear-time classification algorithms tested allow researchers to omit burdensome 

participant sleep diaries from data collection protocols, which is a significant advancement 

in activPAL research. Both algorithms appear to have good validity for general use, but 

how and whether the use of the algorithms may impact the specific research question(s) 

of interest should be considered, as each study has unique needs. Given that both sleep 

diaries and the algorithms tested can exhibit measurement error, a conservative best practice 

approach to awake wear-time classification may involve combining data from the diaries 

and algorithms. For example, to minimize the occurrence of misclassifying in-bed time and 

sedentary time, a researcher could set a rule that requires both the diary and algorithm to 

predict that the participant is out of bed before classifying a given second as true out-of-bed 

time. Since both CREA and ProcessingPAL had a similar level of agreement with the 

diary, but less than perfect agreement with one another, it is possible that combining the 

information between the algorithms may improve the awake wear-time classification. The 

data streams could also be combined visually and used to facilitate a process by which 

human raters decide whether the most likely true value (for in-bed and out-of-bed time) 

are those provided by the diary, algorithm, or somewhere in between, which is a similar 

process to the ProcessingPAL semiautomation feature and what has been used in some 

sleep research (Ancoli-Israel et al., 2015; Blackwell et al., 2005). It is important to note 

that changing the parameter settings in ProcessingPAL is likely to impact the validity of 
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the output. With the exception of a slightly lower shortest bout threshold in Study 1, the 

present study used the default parameter settings, which were also used in the original 

ProcessingPAL validity paper (Winkler et al., 2016).

Strengths and Limitations

The study strengths included the use of two study samples to emphasize both internal 

(Study 1) and external (Study 2) validity and capture free-living activities in multiple age 

groups. The prescription and tracking of nonwear times in Study 1 supported a deeper 

understanding of how the algorithms performed with regard to classifying relatively short 

nonwear periods. A primary limitation of this study was that a criterion or gold standard 

measure was not available, so the analyses relied on testing convergent validity with sleep 

diaries, which are known to have inaccuracies and tracked times at the minute rather than 

the second level. However, Study 1 emphasized diary quality to improve accuracy. Due 

to potential measurement error in diary data, it was possible that the algorithms were 

more accurate than the diaries (i.e., better reflected the truth than the diaries). Future 

studies should consider exploring creative measures for objectively collecting ground truth 

information on in-bed and nonwear time, although such efforts can be challenging in field

based studies of free-living behavior. Future studies should also consider other approaches 

for classifying awake wear time from the activPAL, including those that leverage other 

sources of data, such as from novel hardware applications (e.g., wear sensors). While the 

present study used the activPAL event files, it is important to note that in-bed time can differ 

slightly between the CREA event files and day-level files, the latter of which groups brief 

awakenings with in-bed time, and thus, is likely to result in slightly higher estimates of 

in-bed time as compared with estimates from the events files. Future research should address 

the implications and considerations involved in using each approach. Finally, the present 

study did not investigate the algorithms’ validity for classifying entire days of nonwear time, 

such as due to noncompliance. Since the algorithms had good validity for classifying longer 

periods (>about 2.5–2.75 hr) of nonwear, it is expected that they would have good validity 

for classifying entire days of nonwear. It is important to acknowledge that, when devices are 

in transit, such as in the mail, in a vehicle, or being carried by a person (e.g., in a bag or 

pocket), this time is likely to be misclassified by the algorithms as awake wear time.

Conclusions

The novel awake wear-time classification algorithms tested are major advancements in 

activPAL research. The present findings suggest that researchers can generally expect 

similar validity from these algorithms as can be expected from sleep diaries in children, 

adults, and older adults, though combining information from the diaries and algorithm 

output is likely to be the best practice when a conservative approach is desired. Nonwear 

and in-bed time are critical factors to account for in sedentary research, particularly because 

a large majority of an individual’s waking day is spent sedentary. A better classification of 

awake wear time is likely to advance the field of sedentary research by reducing error in 

sedentary measurements, allowing for a better understanding of the impacts of sedentary 

time on health, influences of sedentary time, and interventions to reduce sedentary time.
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1 —. 
Associations between sedentary variables and self-rated health by wear-time processing 

method (Study 2). Note. Sedentary variables were standardized to a mean of 0 and SD of 1. 

Values shown are odds ratios and 95% confidence intervals and reflect having a self-rated 

health of good, poor, or fair as opposed to excellent or very good (the latter grouping is the 

reference).
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