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ABSTRACT
Little is known about how the relative intensity of children’s physical activity (PA) volume and 
intensity distribution relates to health or fitness. To address this, we examined associations 
between accelerometer-derived absolute and relative PA volume and intensity distribution with 
cardiorespiratory fitness (CRF), and differences in these PA outcomes for children stratified by CRF 
level. In 9–10-year-old children (N = 235) PA was assessed using wrist accelerometers and CRF 
estimated from the 20-m multistage shuttle run test (20mSRT). Children were classified as Healthy 
or Low CRF. Absolute PA outcomes were PA volume (average acceleration; AvAccabs) and intensity 
distribution (intensity gradient; IGabs). Equivalent relative PA outcomes were generated (AvAccrel 
and IGrel). Regression models found that absolute, but not relative PA outcomes were associated 
with CRF (AvAccabs Stdβ = 0.21, p = 0.02; IGabs Stdβ = 0.21, p = 0.03). Absolute PA outcomes were 
higher among Healthy CRF children (AvAccabs Stdβ = 0.40, p = 0.007; IGabs Stdβ = 0.46, p = 0.008), 
but there were no differences for relative PA outcomes. Children were similarly active relative to 
their physiological capacity, despite the Healthy CRF group being more active in absolute terms. 
Future studies should seek to better understand the influence of relative PA on CRF among child 
populations who differ on a range of physical, physiological and demographic characteristics.
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Introduction

Accelerometer-assessed physical activity (PA) is com
monly expressed in absolute intensity terms as energy 
expenditure-related time-use estimates (e.g., minutes of 
moderate-to-vigorous PA (MVPA)) (Fridolfsson et al.,  
2023). These are derived from population-specific inten
sity cut-points at the accelerometer data post-proces
sing stage. Recent years have seen the emergence of 
directly assessed PA ‘cut-point-free’ average daily inten
sity (or volume) metrics such as average acceleration 
(Rowlands et al., 2018) and intensity profile metrics, 
such as the intensity gradient (Rowlands et al., 2018), 
which avoid the known limitations of population-speci
fic absolute intensity cut-points (Trost, 2020). While it is 
standard practice to report time-use and cut-point-free 
accelerometer PA outcomes in absolute terms, this does 

not account for individual differences in physical cap
abilities, fitness, or health status. These factors are impor
tant because they influence the intensity at which PA is 
undertaken relative to an individual’s maximal capacity 
(Fridolfsson et al., 2023) which can be particularly sig
nificant when investigating PA associations with health 
indicators or evaluating PA intervention effectiveness. 
Thus, this ‘one size fits all’ approach may limit the utility 
of accelerometer data by introducing error into results 
derived from individuals whose fitness and health- 
related status (e.g., overweight/obese) vary (Welk et al.,  
2017). Cardiorespiratory fitness (CRF) in particular is an 
important consideration, as it has strong dose–response 
relationships with a range of health indicators through 
the life-course (Raghuveer et al., 2020) and is a 
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determinant of the intensity of PA that can be under
taken (Fridolfsson et al., 2023). Specifically, high absolute 
intensity of free-living PA is only possible in those with 
high CRF, while high PA intensity relative to CRF is gen
erally attainable for all (Rowlands et al., 2023). 
Furthermore, over time, PA of high relative intensity 
likely contributes to increased CRF and therefore health 
(Fridolfsson et al., 2023). However, while both absolute 
and relative intensity of PA are associated with CRF, the 
latter is rarely investigated.

Accelerometers measure the acceleration of the 
body part to which they are attached, rather than 
the intensity-related physiological stress of PA. 
Nonetheless, studies have demonstrated that accel
erometer PA outcomes can be adjusted to account 
for variations in CRF when individually calibrated 
against a physiological estimate of CRF such as oxy
gen uptake (Boddy et al., 2018; Fridolfsson et al.,  
2023) or heart rate (Ozemek et al., 2013; Siddique 
et al., 2020) and subjective indicators of relative 
intensity like rating of perceived exertion (RPE) 
(Chowdhury et al., 2019; Siddique et al., 2020). 
Accelerometer studies that have used CRF to gener
ate individually calibrated PA outcomes in child and 
adult populations have reported wide variations in 
PA time-use estimates when expressed in absolute 
terms and relative to CRF, and significant differences 
in absolute (e.g., 3 METs for MVPA) and relative PA 
intensity thresholds (Boddy et al., 2018; Fridolfsson 
et al., 2023; Ozemek et al., 2013). These studies 
underscore the importance of estimating PA inten
sity relative to CRF when drawing conclusions about 
group differences in PA and associations with health 
indicators. However, integrating CRF assessments 
into PA study protocols, particularly in laboratory- 
settings is time- and resource-intensive, placing 
additional burden on participants (Orme et al.,  
2023) and thus, is not routinely practiced.

Notwithstanding this, an approach for acceler
ometer-assessed relative PA intensity using a multi
stage maximal walking test was recently reported, 
whereby accelerations were recorded to estimate 
each participant’s maximum acceleration (i.e., max
imal physical capacity) (Orme et al., 2023). This 
method can enable subsequent free-living accelera
tions to be expressed relative to maximum accelera
tion and thus participants’ relative PA intensity 
during free-living activities (Orme et al., 2023). Use 
of maximal field-based CRF assessments to estimate 
maximum accelerations for the calculation of relative 
PA intensity therefore holds promise and overcomes 
the need for time- and resource-intensive laboratory 

testing. To our knowledge, this approach has not 
been used with children.

The utility of accelerometer PA relative intensity 
outcomes has been demonstrated with cut-points in 
children (Boddy et al., 2018) and adults (Fridolfsson et 
al., 2023) and with cut-point-free approaches in 
healthy adults (Schwendinger et al., 2025) and clinical 
populations (Orme et al., 2023; Rowlands et al., 2023). 
However, no studies have investigated children’s 
accelerometer-assessed PA using cut-point-free rela
tive intensity outcomes. Exploring relative intensity in 
children may provide a more nuanced understanding 
of PA patterns and health associations beyond that 
explained by absolute intensity outcomes. 
Specifically, examining relative intensity across CRF 
groups may reveal whether absolute intensity metrics 
adequately capture the physiological challenge of PA 
for children with varying fitness levels, potentially 
informing more individualised PA intervention 
approaches. Thus, we aimed to examine [1] associa
tions between children’s absolute and relative PA 
outcomes and CRF and [2] differences in absolute 
and relative intensity PA outcomes for children stra
tified by CRF level.

Materials and methods

Participants and settings

This is a secondary analysis of baseline data collected 
in phase 3 of the Active Schools: Skelmersdale PA 
pilot intervention study (Taylor et al., 2018) 
(ClinicalTrials.gov registration: NCT03283904). 
Participant recruitment for study phases 2 (interven
tion design) and 3 (intervention evaluation) took 
place between 1 May and 31 October 2016. During 
this period, 9–10-year-old children were recruited 
from primary schools situated in a low socio-eco
nomic status (SES) town in north-west England. 
Neighbourhood-level SES was calculated from home 
postcodes using the 2015 English Indices of Multiple 
Deprivation (EIMD) (Department for Communities and 
Local Government, 2017). EIMD rank scores ranging 
from 1 (most deprived area) to 32,844 (least deprived 
area) were generated for each child. Ethical approval 
was granted by Edge Hill University’s Faculty of Arts 
and Sciences Research Ethics Committee (reference 
#SPA-REC-2015–330) and written informed consent 
and assent were provided by the participants’ par
ents/carers, and the participants themselves, respec
tively. Collection of the baseline intervention data 
reported here took place in September 2017.

2 S. J. FAIRCLOUGH ET AL.



Sample size estimation and justification

The sample size calculation used in the original interven
tion study accounted for the pre-determined number of 
clusters (schools) (Hemming et al., 2011) and was per
formed using R Studio (version 1.1.383; R version 3.4.3). 
Power was set to 90% and α to 5% to detect a difference 
in school day moderate-to-vigorous physical activity of 
12.5 min between the control and intervention groups 
assuming a standard deviation of 8.6 min, in a clustered 
randomised design. These parameter estimates were 
based on phase 1 results from the same project (Taylor 
et al., 2017). Using these parameters, a minimum of 100 
participants (50 per group) were required (based on 15 
participants per cluster and assuming an intra-cluster 
correlation of 0.04) (Hemming et al., 2011). Using an 
assumed dropout rate of 30% per school, seven schools 
were recruited with a minimum of 20 participants per 
school to account for this anticipated rate of attrition. 
This resulted in all Year 5 children (ages 9–10 years) from 
each participating school being invited to take part (n =  
239). On receipt of parental informed consent, 235 chil
dren were recruited to participate.

Measures

Anthropometric measures
Height and body mass were measured using a portable 
stadiometer (Leicester Height Measure, Seca, 
Birmingham, UK) and calibrated scales (813 model, 
Seca), respectively. Body mass index (BMI) was calcu
lated for each child, and BMI z-scores were assigned 
(Cole et al., 1995) and International Obesity Task Force 
BMI cut-points applied to classify children as normal 
weight or overweight/obese (Cole et al., 2000). Sex-spe
cific equations were used to predict age from peak 
height velocity (APHV), as a proxy measure of biological 
maturation (Moore et al., 2015). For all measurements, 
children wore shorts and t-shirt with shoes removed.

Cardiorespiratory fitness
The 20-m multistage shuttle run test (20mSRT) provided 
an estimate of cardiorespiratory fitness (CRF). This test 
has been used extensively with similarly aged children to 
those in this study (Tomkinson et al., 2017). In each 
school, whole classes of children undertook the 
20mSRT on a flat and dry tarmac playground area. The 
research team administered all test processes and the 
class teacher provided additional supervision as needed. 
A member of the research team participated with the 
children to help guide pacing. The researchers and tea
cher provided verbal encouragement to the children 
throughout. The Leger et al. prediction equation (Leger 

et al., 1988) was applied to the running speed at the last 
completed lap to estimate peak oxygen uptake (VO2peak; 
ml‧kg−1‧min−1), which was used to represent CRF. To 
enable fitness screening, profiling, monitoring and sur
veillance, leading researchers in the field of youth fitness 
advocate for the use of a normative quintile-based fra
mework for classifying children’s fitness levels 
(Tomkinson et al., 2017). We therefore adopted this 
approach whereby children were classified as having 
moderate to very high CRF (i.e., ‘Healthy’) or low to 
very low (i.e., ‘Low’) CRF levels based on the 40th centile 
cut-off for VOpeak in European children (Tomkinson et al.,  
2018). The 40th centile was selected as it delineates 
between ‘very low-low/poor’ fitness (0-40th centile) 
and ‘moderate/high-very high/good’ fitness levels 
(>40th centile) (Tomkinson et al., 2018).

Physical activity data generation
Children wore ActiGraph GT9X triaxial accelerometers 
(ActiGraph, Pensacola, FL, USA) on the non-dominant 
wrist for 24 h·d−1 over 7 days with recording frequency 
set to 100 Hz. Data were downloaded using ActiLife 
version 6.11.9 (ActiGraph, Pensacola, FL, USA), and 
saved in raw format as GT3X files for processing using 
the GGIR R package v3.1–4 (Migueles et al., 2019). 
Subsequent signal processing was then carried out in 
GGIR which included autocalibration using local gravity 
as a reference and detection of implausible values and of 
non-wear. Non-wear was imputed by default in GGIR 
whereby invalid data were imputed by the average at 
similar time points on other days of the week. Average 
waking (07:21 hours) and sleep onset times (22:17 hours) 
generated in the original study (Taylor et al., 2017) were 
used with the GGIR qwindow function to define the 
timing and duration of a valid ‘waking hours’ day. Wear 
time criteria were at least three valid days with ≥600  
min·day−1 defined as a valid wear day. Accelerometer 
data were excluded from analyses if post-calibration 
error was >10 mg (milli-gravitational units) and/or the 
wear time criteria were not achieved. The triaxial accel
erometer signals were converted into one omnidirec
tional measure of acceleration (ENMO; i.e., the 
Euclidean norm of the three accelerometer axes with 1 
g subtracted and negative values truncated to zero). 
Computed average valid day ENMO values expressed 
in mg were averaged over 5-s epochs and used to gen
erate all subsequent PA outcomes.

Absolute intensity physical activity outcomes (Figure 
1).
Absolute average acceleration (AvAccabs) represents the 
average intensity across the waking day (referred to as 
the ‘day’ from hereon); this is a proxy for PA volume.
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Absolute intensity gradient (IGabs) describes the PA 
intensity distribution across the day and reflects the 
negative curvilinear relationship between PA intensity 
and time accumulated at any given intensity (Rowlands 
et al., 2018). IGabs values are always negative, with higher 
values indicating a greater proportion of PA is spent at 
higher intensities.

Absolute MX metrics (where X refers to an accumu
lated duration of time) represent the acceleration in mg 
above which the most active X minutes are accumulated 
(Rowlands et al., 2019). Absolute MXabs metrics were 
computed for durations ranging from 2 h (M120abs) to 
1 min (M1abs).

Relative intensity physical activity outcomes (Figure 1).
Relative average acceleration (AvAccrel) expresses the PA 
volume relative to a child’s predicted maximum (aerobic) 
acceleration (i.e., AvAccabs/maximum acceleration *100) 

(Schwendinger et al., 2025). Maximum acceleration was 
estimated by applying the children’s 20mSRT-derived 
_VO2peak values to the ENMO regression equation of 
Hildebrand et al. who reported a linear relationship 
between ENMO and _VO2peak (maximum acceleration 
(mg) = ( _VO2 (ml⋅kg−1⋅min−1) − 10.83)/0.0356) (Hildebrand 
et al., 2014).

Relative intensity gradient (IGrel) describes the relative 
intensity distribution of PA across the day, expressed in 
relation to a child’s maximum acceleration. IGrel was 
derived from the epoch-level comma-separated values 
(.csv) files generated by GGIR using a custom-built R 
script available at www.github.com/Maylor8/Relative- 
Intensity-Gradient (Rowlands et al., 2023).

Relative MX metrics (e.g., M120rel to M1rel) were calcu
lated using each child’s predicted maximum acceleration 
(i.e., MXabs / maximum acceleration *100) (Schwendinger 
et al., 2025).

Figure 1. Visual interpretation of the absolute and relative PA outcomes. 
AvAcc: average acceleration; IG: intensity gradient; PA: physical activity; ln: natural log; mg: milligravitational units; Abs: absolute 
intensity; Rel: relative intensity; max: maximum.
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Data analysis

Data analyses were performed in R (version 4.3.3) and R 
Studio (v2021.09.0). No data were available for three 
children who were absent on data collection days, and 
these cases were removed. Of the remaining 232 chil
dren, 173 achieved the three valid day accelerometer 
wear criteria, resulting in 25.4% data attrition. 
Consistent with established guidelines for diagnosing 
missingness (Sterne et al., 2009), we examined the dis
tribution and patterns of missing data and compared 
participant characteristics between children with and 
without PA outcome data. The absence of significant 
differences in age, sex, BMI, or EIMD rank supported 
the plausibility of the Missing at Random assumption. 
We therefore proceeded with multiple imputation by 
chained equations to replace missing values using the 
mice package v. 3.17.0 (van Buuren & Groothuis- 
Oudshoorn, 2011). Multiple imputation aims to minimise 
the impact of data attrition or non-response bias on data 
analysis by using available information about study par
ticipants to adjust parameter estimates, which can be 
subject to biases when data are missing (Woods et al.,  
2024). Multiple imputation can therefore approximate 
what results would look like with complete observations 
while allowing for representation of uncertainty in the 
results and maximising a dataset’s statistical power 
(Cheema, 2014). A total of 25 multiply imputed data 
sets with 35 iterations were created as per recommenda
tions to set m (i.e., the number of imputations) ≥100 
times the highest fraction of missing information (25% 
fraction of missing information for PA outcomes (59/ 
232)) (Manly & Wells, 2015). Intra-class correlations for 
the PA and CRF variables ranged from 0.01 to 0.06, which 
indicated low school-level influence on the PA outcomes 
and CRF. Results of subsequent analyses of each of the 
multiply imputed data sets were pooled as per Rubin’s 
Rules (Rubin, 1987) (N = 232).

Descriptive statistics were calculated and bivariate 
Pearson correlations computed between the absolute 
and relative PA outcomes and CRF. For study Aim 1, 
separate multiple regression models examined the asso
ciations of (a) absolute PA outcomes (AvAccabs and IGabs) 
with CRF, and (b) relative PA outcomes (AvAccrel and 
IGrel) with CRF. To address Aim 2, separate regression 
models investigated between-CRF group differences in 
absolute and relative PA outcomes. Sex, SES and matura
tion were included as covariates. To enhance compar
ability, all regression models expressed the PA outcomes 
as standardised (Std) estimates to reflect the different 
units of measurement for AvAccabs, AvAccrel and IGabs/rel. 
These Std estimates were interpreted as small (≥0.1 to  

<0.3), medium (≥0.3 to <0.5) and large (≥0.5) effects 
(Cohen, 1988). Unstandardised regression model results 
are reported in Table S1 (Supplemental Information File). 
MXabs and MXrel metrics were visualised descriptively 
using radar plots to describe patterning of absolute 
and relative intensity PA outcomes for Healthy and Low 
CRF groups. Absolute and relative intensity PA thresh
olds for moderate intensity PA (MPA) and vigorous inten
sity PA (VPA) were marked on the plots to aid 
interpretation of PA intensity. Absolute intensity thresh
olds were taken from widely used published cut-points 
of 201 mg (MPA) and 707 mg (VPA) (Hildebrand et al.,  
2014). Relative intensity thresholds were calculated from 
acceleration values corresponding to CRF values of 
≥46–63% _VO2peak (MPA) and ≥64% _VO2peak (VPA), 
respectively, as recommended in the American Heart 
Association’s Scientific Statement on youth CRF and 
health (Raghuveer et al., 2020).

Results

Descriptive characteristics of the sample are presented in 
Table 1 (N = 232). The children were 9.6 (0.3) years old and 
50.9% were girls. The mean EMID rank of 6571.6 (7114.7) 
(out of 32,844 ranked areas) indicated that area-level SES of 
the sample was relatively low. Mean _VO2peak was 47.6 (4.0) 
ml⋅kg−1⋅min−1 and 53.3% of the sample had Healthy CRF. 
Absolute daily PA volume (AvAccabs) was 68.7 (22.0) mg 
and intensity distribution (IGabs) was −1.91 (0.18). AvAccrel 

and IGrel were 7.0 (2.0)% and −2.15 (0.21), respectively.
Correlations between the absolute and relative PA 

outcomes were stronger for daily PA volume (AvAccabs 

and AvAccrel, r = 0.81, 95%CI = 0.80, 0.82) than the inten
sity distribution (IGabs and IGrel, r = 0.47, 95%CI = 0.45, 
0.49). Positive correlations of moderate magnitude 
were observed between AvAcc and IG, irrespective of 
whether they were expressed as absolute intensity 
(r=0.32, 95%CI = 0.30, 0.34) or relative intensity (r = 0.32, 
95%CI = 0.30, 0.35). Significant correlations were also 
evident between CRF and the PA outcomes, which 
were moderate for the absolute intensity outcomes 
(AvAccabs: r = 0.28, 95%CI = 0.26, 0.30; IGabs: r = 0.27, 
95%CI = 0.24, 0.29) and trivial-to-small for the relative 
intensity outcomes (AvAccrel: r = 0.04, 95%CI = 0.02, 
0.07; IGrel: r = 0.17, 95%CI = 0.14, 0.19).

Aim 1

Regression model results for study Aim 1 are summarised 
in Table 2. There were small positive associations with 
trivial to moderate effect sizes, between the absolute PA 
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outcomes and CRF after adjustment for covariates (Model 
1; AvAccabs: Stdβ = 0.21, 95%CI = 0.04, 0.39; IGabs: Stdβ =  
0.21, 95%CI = 0.02, 0.40). In contrast, there were no signifi
cant associations between either of the relative PA out
comes and CRF, although the standardised estimate for 
IGrel (Stdβ = 0.19, 95%CI = −0.01, 0.39) was similar to that 
for IGabs and substantially higher than that for AvAccrel with 
effect sizes ranging from negligible to small (Model 2). 
Across both models the VIF values ranged from 1.00 to 
4.27, indicating low risk of multicollinearity.

Aim 2

AvAccabs and IGabs were moderately higher among 
children with Healthy CRF compared to peers with 

Low CRF (AvAccabs: Stdβ = 0.40, 95%CI = 0.11, 0.6; 
IGabs: Stdβ = 0.46, 95%CI = 0.12, 0.80). There was little 
evidence for between-CRF-group differences in 
AvAccrel (Stdβ = 0.005, 95%CI = −0.31, 0.32) and IGrel 

(Stdβ = 0.30, 95%CI = −0.06, 0.66). For ease of inter
pretation, the adjusted unstandardised mean differ
ences between CRF groups are presented in 
Gardner-Altman estimation plots (Figures 2(a-d)) 
(Ho et al., 2019).

PA patterning derived from absolute and relative 
intensity MX metrics in relation to CRF levels are 
described in Figures 3(a,b) (MX values are also pre
sented in the Supplemental Information File, Table 
S2). When absolute intensity thresholds were applied 
to MX metrics, children accumulated around 
60 min⋅day−1 above moderate intensity irrespective 
of CRF level (Figure 3a). Healthy CRF children spent 
approximately 13 min⋅day−1 above the absolute 
intensity VPA threshold compared to ~10 min⋅day−1 

for children classified as having Low CRF. The Healthy 
CRF group was more active at higher intensities than 
Low CRF peers, particularly for time durations under 
45 min. When intensity thresholds relative to the 
children’s maximum capacities were applied, the PA 
profile for Healthy and Low CRF groups were similar, 
with both spending a little over 20 min⋅day−1 and 
around 12–13 min⋅day−1 above relative MPA and 
VPA thresholds, respectively. Further, both groups 
were similarly active at all other MX time durations 
(Figure 3b).

Table 1. Descriptive characteristics of the participants (mean (SD) or frequency/%).
Mean (SD)/Freq (%)

All 
(N=232) Healthy CRF (N=122)

Low CRF 
(N=110)

Age (y) 9.6 (0.3) 9.6 (0.3) 9.6 (0.3)
Sex
Boys 114 (49.1%) 69 (56.6%) 45 (40.9%)
Girls 118 (50.9%) 53 (43.4%) 65 (59.1%)
EIMD rank 6571.6 (7114.7) 6094.0 (6175.2) 6576.7 (7510.9)
Height (cm) 137.2 (6.2) 136.8 (6.1) 138.2 (6.3)
Weight (kg) 36.4 (18.2) 36.1 (19.4) 40.9 (18.8)
BMI (m2⋅kg−1) 18.6 (3.3) 18.5 (3.0) 20.7 (3.7)
BMI z-score 0.7 (1.2) 0.7 (1.2) 0.8 (1.2)
Weight status
Normal weight 158 (68.1%) 85 (69.7%) 73 (66.4%)
Overweight/obese 74 (31.9%) 37 (30.3%) 37 (33.6%)
APHV (y) −2.7 (0.7) −2.6 (0.7) −2.7 (0.7)
20mSRT laps 30.8 (15.3) 43.7 (11.8) 26.0 (13.9)
_VO2 peak (ml·kg·min−1) 47.6 (4.0) 50.9 (3.1) 46.4 (3.7)
Maximum acceleration (mg) 1034.8 (111.8) 1126.9 (85.8) 997.5 (103.4)
Accelerometer wear (min·day−1) 841.9 (68.8) 839.9 (67.7) 841.9 (70.0)
Physical activity outcomes
AvAccabs (mg) 68.7 (22.0) 72.9 (20.3) 67.2 (20.6)
IGabs −1.91 (0.18) −1.87 (0.17) −1.92 (0.18)
AvAccrel (%) 7.0 (2.0) 7.0 (2.0) 7.0 (2.0)
IGrel −2.15 (0.21) −2.12 (0.20) −2.16 (0.21)

EIMD: English indices of multiple deprivation; BMI: body mass index; APHV: age from peak height velocity; 20mSRT: 20 m 
shuttle run test; AvAcc: average acceleration; IG: intensity gradient.

Table 2. Cross-sectional associations between absolute and 
relative physical activity outcomes and CRF.

Standardised estimates (95% CI)

Term Model 1 Model 2

Intercept −0.09 (−0.38, 0.18) −0.10 (−0.39, 0.20)
AvAccabs 0.21 (0.04, 0.39) –
IGabs 0.21 (0.02, 0.40) –
AvAccrel – −0.03 (−0.22, 0.16)
IGrel – 0.19 (−0.01, 0.39)
Sex 0.20 (−0.32, 0.72) 0.19 (−0.35, 0.73)
SES −0.06 (−0.19, 0.07) −0.06 (−0.19, 0.08)
Maturation 0.06 (−0.19, 0.32) 0.04 (−0.23, 0.31)

Bold text indicates statistically significant association with CRF; Sex, SES, 
Maturation included as covariates in both models; VIF = 1.02 to 4.24; 
AvAcc: average acceleration; IG: intensity gradient; SES: socioeconomic 
status; 95%CI: 95% confidence intervals.
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Discussion

This is the first study to report cut-point-free absolute 
and relative intensity PA outcomes in children. We found 
that absolute intensity PA outcomes were significantly 
and positively associated with CRF, and that IGrel was 
more strongly associated with CRF than AvAccrel. 
Consistent with these associations were the significant 
between-CRF group differences in absolute AvAcc and 
IG, but not in the relative intensity PA outcomes.

For Aim 1, the absolute daily PA volume and inten
sity distribution across the day were similarly asso
ciated with CRF, with small-to-medium standardised 
effects. The association between absolute PA intensity 
and CRF indicates that the children with higher capa
city generally used it during their daily activities. 
Further, the similarity of the associations for PA volume 

and intensity distribution suggests that the benefits of 
this higher capacity are evident in increased intensities 
of PA across the whole day and not just to higher 
intensity PA during discrete time periods. In a 2019 
study with 10-year-old children, IGabs but not 
AvAccabs was independently associated with CRF 
(unstandardised β = 13.79, 95%CI = 9.34, 18.24 
(Fairclough et al., 2019), with the effect size greater 
than that observed in the current study (i.e., unstan
dardised β = 4.71, 95%CI = 0.23, 9.20) (Fairclough et al.,  
2019). The children in the current study were, however, 
more active than those in the 2019 sample, with mean 
IGabs values corresponding to ~95th centiles of refer
ence values for northwest England children (Fairclough 
et al., 2023), compared to ~85th centile for the 2019 
study (Fairclough et al., 2019). The greater effect size 

Figure 2a–d. Gardner-Altman estimation plots displaying the adjusted mean differences between low CRF and Healthy CRF groups. 
Both groups’ adjusted data are plotted on the left axes; the mean difference is plotted on a floating axes on the right as a bootstrap 
sampling distribution. The mean difference is depicted as a dot, with the 95% confidence interval indicated by the ends of the vertical 
error bar. AvAcc:average acceleration; IG: intensity gradient; CRF: cardiorespiratory fitness; mg: milligravitational units.
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observed in the 2019 study is consistent with findings 
in healthy adults, where both AvAccabs and IGabs out
comes were significantly associated with CRF, while 
only IGabs had an independent association when the 
analysis was repeated in less active adults (a sample of 
patients with chronic heart failure) whose AvAccabs and 
IGabs were 26.2% and 7.5%, respectively, lower than 
more healthy and more active peers (Schwendinger et 
al., 2024). In both low and high active populations, a 
greater breadth of the intensity distribution over the 
day (IGabs) is only possible when the person’s CRF is 
sufficient to enable engagement in higher intensities of 
PA. These higher intensities would also contribute to 
increasing CRF in both low and high active popula
tions. Moreover, in more active populations AvAccabs 

may be more equally associated with CRF because the 
higher PA volume adds depth to the breadth of inten
sity experienced (i.e., especially at higher PA intensi
ties), whereas in less active populations the breadth of 
the intensity distribution may dominate (Schwendinger 
et al., 2024).

IGrel had a similarly sized and positive association with 
CRF as IGabs, but with marginally wider confidence inter
vals that crossed zero. This suggests that regardless of 
fitness status, the children’s PA intensity distributions 
relative to their maximum capacities had a positive 
association with CRF (i.e., being active at a higher per
centage of maximum capacity was associated with CRF). 
The relative intensity of the PA distribution can be inter
preted using the ‘glass half-full’ analogy proposed by 
Orme et al. to illustrate different levels of PA engage
ment relative to maximum capacity (i.e., whereby the 
child’s maximum capacity is represented by the size of 
the glass and how full with water the glass is represents 
how much PA the child does) (Orme et al., 2023): The 
fitter children with higher maximum capacities and high 
IGrel could be described as the ‘can do, does do’ group 
(tall glass that is close to full), as their PA was high even 
relative to their greater maximum capacities. The less fit 
children, with high IGrel could be described as the ‘can
not do, does do’ group (short glass that is close to full), as 
their PA was also high relative to their capacities which 
were lower than fitter peers. In contrast, high-fit children 
with low IGrel would be ‘can do, does not do’ (tall glass, 
less water) and low-fit children with low IGrel would be 
‘cannot do, does not do’ (short glass, not much water). 
How full the glass is (IGrel) irrespective of the glass size 
was associated with CRF, though the effect size was 
small and uncertain. Because of this, it is probable that 
factors other than capacity were impacting on the inten
sity of the children’s PA. These may have included the 
genetic component of CRF as well as psychological, 
interpersonal, environmental and demographic factors 

which in combination can favourably enable and predis
pose children to be active (Welk, 1999).

The association between AvAccrel and CRF was trivial, 
indicating that the relative PA volume was unrelated to 
the children’s maximum capacities. AvAccrel is reflective 
of activities of children’s daily living that are often dis
proportionately skewed towards the lower end of the 
relative intensity spectrum (e.g., classroom lessons, 
sedentary screen time, household chores, etc. (Atkin et 
al., 2021), which require relatively low physiological 
effort. When the large time contribution that these activ
ities make across the day and therefore to the daily 
volume of PA is considered, the negligible association 
of AvAccrel with CRF was unsurprising.

Aim 2’s findings are consistent with the Aim 1 results, 
demonstrating that absolute but not relative PA volume 
and intensity distribution were significantly higher 
among the Healthy CRF group. This indicates that the 
lower PA intensities engaged in by children with Low 
CRF were proportionate to their reduced CRF (i.e., they 
were just as active relative to their maximum capacities 
as peers with Healthy CRF). This is consistent with the 
observation in adults that the absolute but not relative 
intensity of PA participated in declines as people age 
(Migueles et al., 2025; Rowlands et al., 2025; 
Schwendinger et al., 2025). Descriptive analysis using 
the MX metrics and radar plots illustrates this, with the 
higher absolute intensities of the Healthy CRF group’s 
most active 45 min to 1 min of the day clearly evident in 
Figure 3a and Table S2 (Supplemental Information File), 
while the relative intensities of the two groups were very 
similar (Figure 3b and Table S2 Supplemental 
Information File). For both CRF groups, PA time above 
moderate intensity was ~40 min⋅day−1 lower when the 
relative intensity MPA threshold (Raghuveer et al., 2020) 
was applied compared to when the frequently used 
absolute intensity MPA threshold for wrist-worn 
ActiGraph accelerometers was used (Hildebrand et al.,  
2014). This aligns with findings from adult studies 
reporting higher MVPA derived from absolute versus 
relative intensity cut-points (Siddique et al., 2020). 
Furthermore, it raises the question of whether the 
(Hildebrand et al., 2014) absolute MPA threshold ade
quately reflects estimates of children’s health-enhancing 
MPA. This query is all the more pertinent for children 
with high CRF, which is a point that has been posed 
previously in relation to other child and adult absolute 
intensity accelerometer cut-points for MPA/MVPA 
(Boddy et al., 2018; Fridolfsson et al., 2023; Ozemek et 
al., 2013). In contrast, time above the absolute and rela
tive VPA intensity thresholds were analogous (i.e., CRF 
group differences of around 3 min⋅day−1 (absolute inten
sity threshold) and 1 min⋅day−1 (relative intensity 
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threshold)). This indicates that the absolute and relative 
VPA intensity thresholds were more comparable for this 
sample than the MPA thresholds. Moreover, the mean 
between-CRF group difference in MXrel values across the 
M120 to M1 durations was 2.7%, compared to a 10.5% 
difference in MXabs (Supplementary Table S2). These 
similarities in the relative intensity of PA volume 
between the Healthy and Low CRF groups suggest that 
physiological capacity may, in part, determine PA level. 
However, it is also well established that children’s PA 
determinants are multidimensional (Welk, 1999). 
Psychosocial correlates of children’s PA (Waldhauser et 
al., 2020) in particular, such as affective valence and 
enjoyment influence PA behaviours especially at higher 
intensities, and for some children could play just as 
influential a role in their engagement than physiological 
capacity and perceived exertion (Malik et al., 2018).

This is the first study to report cut-point-free relative 
intensity PA outcomes in children. The calculation of 
AvAccrel and IGrel as contemporary relative intensity PA 
outcomes derived from estimates of children’s CRF and 
maximum accelerations is an important strength which 
enabled the nuanced influences of absolute and relative 
PA on CRF to be examined. We used the 20mSRT as an 
accessible applied field-based CRF assessment that is 
commonly used in schools and other settings, which 
enhanced the ecological validity of the study. Further, 
the use of multiple imputations maintained the integrity 
of statistical relationships in the data and reduced the 
risk of sampling and selection biases (Woods et al., 2024) 
due to missing data from accelerometer non-wear. Our 
findings are though caveated by some limitations. The 
cross-sectional study design limits conclusions about 
causality, and the results may not be generalisable to 
other geographic locations. Moreover, as our sample 
was relatively more active than a reference population 
of northwest England 10-year olds (Fairclough et al.,  
2023), caution is advised when interpreting the absolute 
PA outcomes. The children’s _VO2peak values were esti
mated from 20mSRT performance data and although 
this well-established test has moderate criterion validity 
in healthy children (Tomkinson et al., 2019) some error 
was likely present in the _VO2peak values. The 20mSRT was 
though, the most pragmatic approach available for this 
study. Additionally, it enabled novel use of the 
Hildebrand et al. _VO2 regression equation (Hildebrand 
et al., 2014) to calculate maximum acceleration values (i. 
e., maximum PA capacity) and therefore the relative PA 
outcomes. Lastly, the significance of the genetic compo
nent of CRF is acknowledged as an example of an 
unmeasured confounder that influences capacity and is 
therefore a further limitation in our study.

In this study of cut-point-free absolute and relative 
intensity PA outcomes in children, absolute intensity 
PA outcomes were significantly and positively asso
ciated with CRF and were significantly higher in 
Healthy CRF children than those with Low CRF. 
Associations between relative intensity PA outcomes 
and CRF were weaker and less consistent, although 
IGrel was more strongly associated with CRF than 
AvAccrel. The lack of a difference in relative intensity 
PA outcomes between CRF groups indicates that 
children were similarly active relative to their physio
logical capacity. This highlights the utility of using 
relative intensity PA outcomes, especially in interven
tion studies, where positive physical activity interven
tion effects particularly among less active children 
may be obscured when absolute PA outcomes are 
used (Rowlands et al., 2023). Quantifying both the 
absolute and relative intensity of accelerometer- 
assessed PA outcomes provides greater insight than 
either alone. The non-significant associations 
between the relative intensity PA outcomes and CRF 
suggest that this sample of highly active children 
may have been enabled and predisposed to engage 
in PA by factors other than, or as well as, their max
imum aerobic capacities for PA. Future studies should 
build on these findings to better understand the 
influence of relative PA on CRF among diverse child 
populations who differ on a range of physical, phy
siological and demographic characteristics.

Acknowledgments

We acknowledge the help and engagement of the children 
and teachers in the participating schools.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

Funding for the original study was provided by West 
Lancashire Sport Partnership, West Lancashire Leisure Trust 
and Edge Hill University. AVR is supported by the Lifestyle 
Theme of the Leicester NHR Leicester Biomedical Research 
Centre and NIHR Applied Research Collaborations East 
Midlands (ARC-EM). These funders had no role in the design 
of the study, the collection, analysis and interpretation of data, 
or the writing of the manuscript.

ORCID

Stuart J. Fairclough http://orcid.org/0000-0001-8358-1979

10 S. J. FAIRCLOUGH ET AL.



Fabian Schwendinger http://orcid.org/0000-0001-7795- 
1478
Sarah L. Taylor http://orcid.org/0000-0002-4875-9951
Lynne M. Boddy http://orcid.org/0000-0002-7477-4389
R. Glenn Weaver http://orcid.org/0000-0003-0640-5204
Alex V. Rowlands http://orcid.org/0000-0002-1463-697X

Data availability statement

The data that support the findings of this study are openly 
available from the Open Science Framework https://osf.io/ 
wnmvs/files/osfstorage.

References

Atkin, A. J., Dainty, J. R., Dumuid, D., Kontostoli, E., Shepstone, 
L., Tyler, R., Noonan, R., Richardson, C., & Fairclough, S. J. 
(2021). Adolescent time use and mental health: A cross- 
sectional, compositional analysis in the Millennium Cohort 
Study. BMJ Open, 11(10), e047189. https://doi.org/10.1136/ 
bmjopen-2020-047189  

Orme, M. W., Lloyd-Evans, P. H., Jayamaha, A. R., Katagira, W., 
Kirenga, B., Pina, I., . . . & Rowlands, A. V. (2023). A case for 
unifying accelerometry-derived movement behaviors and 
tests of exercise capacity for the assessment of relative 
physical activity intensity. Journal of Physical Activity & 
Health, 2023, 1–8. https://doi.org/10.1123/jpah.2022-0590  

Cheema, J. R. (2014). A review of missing data handling methods 
in education research. Review of Educational Research, 84(4), 
487–508. https://doi.org/10.3102/0034654314532697  

Chowdhury, A. K., Tjondronegoro, D., Chandran, V., Zhang, J., & 
Trost, S. G. (2019). Prediction of relative physical activity 
intensity using multimodal sensing of physiological data. 
Sensors, 19(20), 4509. https://doi.org/10.3390/s19204509  

Cohen, J. (1988). Statistical power analysis for the behavioral 
sciences (Second ed.). Lawrence Erlbaum Ass. Publishers.

Cole, T., Bellizzi, M., Flegal, K., & Dietz, W. (2000). Establishing a 
standard definition for child overweight and obesity world
wide: International survey. BMJ, 320(7244), 1240–1240.  
https://doi.org/10.1136/bmj.320.7244.1240  

Cole, T., Freeman, J., & Preece, M. (1995). Body mass index 
reference curves for the UK, 1990. Archives of Disease in 
Childhood, 73(1), 25–29. https://doi.org/10.1136/adc.73.1.25  

Department for Communities and Local Government. (2017). 
The English indices of deprivation. Retrieved December 12, 
2017, from https://www.gov.uk/government/statistics/eng 
lish-indices-of-deprivation-2015 

Fairclough, S. J., Rowlands, A. V., Del Pozo Cruz, B., Crotti, M., 
Foweather, L., Graves, L. E. F., Hurter, L., Jones, O., 
MacDonald, M., McCann, D. A., Miller, C., Noonan, R. J., 
Owen, M. B., Rudd, J. R., Taylor, S. L., Tyler, R., & Boddy, L. 
M. (2023). Reference values for wrist-worn accelerometer 
physical activity metrics in England children and adoles
cents. The International Journal of Behavioral Nutrition and 
Physical Activity, 20(1), 35. https://doi.org/10.1186/s12966- 
023-01435-z  

Fairclough, S. J., Taylor, S., Rowlands, A. V., Boddy, L. M., & 
Noonan, R. J. (2019). Average acceleration and intensity 
gradient of primary school children and associations with 
indicators of health and well-being. Journal of Sports 

Sciences, 37(18), 2159–2167. https://doi.org/10.1080/ 
02640414.2019.1624313  

Fridolfsson, J., Arvidsson, D., Ekblom-Bak, E., Ekblom, Ö., 
Bergström, G., & Börjesson, M. (2023). Accelerometer-mea
sured absolute versus relative physical activity intensity: 
Cross-sectional associations with cardiometabolic health in 
midlife. BMC Public Health, 23(1), 2322. https://doi.org/10. 
1186/s12889-023-17281-4  

Hemming, K., Girling, A. J., Sitch, A. J., Marsh, J., & Lilford, R. J. 
(2011). Sample size calculations for cluster randomised con
trolled trials with a fixed number of clusters. BMC Medical 
Research Methodology, 11(1), 102. https://doi.org/10.1186/ 
1471-2288-11-102  

Hildebrand, M., Van Hees, V. T., Hansen, B. H., & Ekelund, U. 
(2014). Age group comparability of raw accelerometer out
put from wrist- and hip-worn monitors. Medicine and Science 
in Sports and Exercise, 46(9), 1816–1824. https://doi.org/10. 
1249/MSS.0000000000000289  

Ho, J., Tumkaya, T., Aryal, S., Choi, H., & Claridge-Chang, A. 
(2019). Moving beyond p values: Data analysis with estima
tion graphics. Nature Methods, 16(7), 565–566. https://doi. 
org/10.1038/s41592-019-0470-3  

Boddy, L. M., Cunningham, C., Fairclough, S. J., Murphy, M. H., 
Breslin, G., Foweather, L. & Stratton, G. (2018). Individual 
calibration of accelerometers in children and their health- 
related implications. Journal of Sports Sciences, 36(12), 1340- 
1345. https://doi.org/10.1080/02640414.2017.1377842  

Leger, L. A., Mercier, D., Gadoury, C., & Lambert, J. (1988). The 
multistage 20 metre shuttle run test for aerobic fitness. 
Journal of Sports Sciences, 6(2), 93–101. https://doi.org/10. 
1080/02640418808729800  

Malik, A. A., Williams, C. A., Weston, K. L., & Barker, A. R. (2018). 
Perceptual responses to high- and moderate-intensity inter
val exercise in adolescents. Medicine and Science in Sports 
and Exercise, 50(5), 1021–1030. https://doi.org/10.1249/mss. 
0000000000001508  

Manly, C. A., & Wells, R. S. (2015). Reporting the use of multiple 
imputation for missing data in higher education research. 
Research in Higher Education, 56(4), 397–409. https://doi.org/ 
10.1007/s11162-014-9344-9  

Migueles, J. H., Cadenas-Sanchez, C., Butera, N. M., Bassett, D. R., 
Wolff-Hughes, D. L., Schrack, J. A., Saint-Maurice, P. F., & 
Shiroma, E. J. (2025). Development of an accelerometer 
age- and sex-specific approach based on population-stan
dardized values for physical activity surveillance: A proof of 
concept. Journal of Sport and Health Science, 14(2024), 
100995. https://doi.org/10.1016/j.jshs.2024.100995  

Migueles, J. H., Rowlands, A. V., Huber, F., Sabia, S., & Van Hees, 
V. T. (2019). Ggir: A research community-driven open source 
R package for generating physical activity and sleep out
comes from multi-day raw accelerometer data. Journal for 
the Measurement of Physical Behaviour, 2(3), 188–196.  
https://doi.org/10.1123/jmpb.2018-0063  

Moore, S. A., McKay, H. A., Macdonald, H., Nettlefold, L., Baxter- 
Jones, A. D. G., Cameron, N., & Brasher, P. M. A. (2015). 
Enhancing a somatic maturity prediction model. Medicine 
and Science in Sports and Exercise, 47(8), 1755–1764. https:// 
doi.org/10.1249/MSS.0000000000000588  

Ozemek, C., Cochran, H. L., Strath, S. J., Byun, W., & Kaminsky, L. 
A. (2013). Estimating relative intensity using individualized 
accelerometer cutpoints: The importance of fitness level. 

JOURNAL OF SPORTS SCIENCES 11

https://osf.io/wnmvs/files/osfstorage
https://osf.io/wnmvs/files/osfstorage
https://doi.org/10.1136/bmjopen-2020-047189
https://doi.org/10.1136/bmjopen-2020-047189
https://doi.org/10.1123/jpah.2022-0590
https://doi.org/10.3102/0034654314532697
https://doi.org/10.3390/s19204509
https://doi.org/10.1136/bmj.320.7244.1240
https://doi.org/10.1136/bmj.320.7244.1240
https://doi.org/10.1136/adc.73.1.25
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2015
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2015
https://doi.org/10.1186/s12966-023-01435-z
https://doi.org/10.1186/s12966-023-01435-z
https://doi.org/10.1080/02640414.2019.1624313
https://doi.org/10.1080/02640414.2019.1624313
https://doi.org/10.1186/s12889-023-17281-4
https://doi.org/10.1186/s12889-023-17281-4
https://doi.org/10.1186/1471-2288-11-102
https://doi.org/10.1186/1471-2288-11-102
https://doi.org/10.1249/MSS.0000000000000289
https://doi.org/10.1249/MSS.0000000000000289
https://doi.org/10.1038/s41592-019-0470-3
https://doi.org/10.1038/s41592-019-0470-3
https://doi.org/10.1080/02640414.2017.1377842
https://doi.org/10.1080/02640418808729800
https://doi.org/10.1080/02640418808729800
https://doi.org/10.1249/mss.0000000000001508
https://doi.org/10.1249/mss.0000000000001508
https://doi.org/10.1007/s11162-014-9344-9
https://doi.org/10.1007/s11162-014-9344-9
https://doi.org/10.1016/j.jshs.2024.100995
https://doi.org/10.1123/jmpb.2018-0063
https://doi.org/10.1123/jmpb.2018-0063
https://doi.org/10.1249/MSS.0000000000000588
https://doi.org/10.1249/MSS.0000000000000588


BMC Medical Research Methodology, 13(1), 53. https://doi. 
org/10.1186/1471-2288-13-53  

Raghuveer, G., Hartz, J., Lubans, D. R., Takken, T., Wiltz, J. L., 
Mietus-Snyder, M., Perak, A. M., Baker-Smith, C., Pietris, N., & 
Edwards, N. M. (2020). Cardiorespiratory fitness in youth: An 
important marker of health: A scientific statement from the 
American Heart Association. Circulation, 142(7), e101–e118.  
https://doi.org/10.1161/CIR.0000000000000866  

Rowlands, A. V., Edwardson, C. L., Davies, M. J., Khunti, K., 
Harrington, D. M., & Yates, T. (2018, January 23). Beyond cut- 
points: Accelerometer metrics that capture the physical activity 
profile. Medicine and Science in Sports and Exercise, 50(6), 1323– 
1332. https://doi.org/10.1249/MSS.0000000000001561  

Rowlands, A. V., Kingsnorth, A. P., Hansen, B. H., Fairclough, S. J., 
Boddy, L. M., Maylor, B. D., Eckmann, H. R., Del Pozo Cruz, B., 
Dawkins, N. P., Razieh, C., Khunti, K., Zaccardi, F., & Yates, T. 
(2025). Enhancing clinical and public health interpretation of 
accelerometer-assessed physical activity with age-refer
enced values based on UK Biobank data. Journal of Sport 
and Health Science, 14, 100977. https://doi.org/10.1016/j. 
jshs.2024.100977  

Rowlands, A. V., Orme, M. W., Maylor, B., Kingsnorth, A., Herring, 
L., Khunti, K., Davies, M., & Yates, T. (2023). Can quantifying 
the relative intensity of a person’s free-living physical activ
ity predict how they respond to a physical activity interven
tion? Findings from the PACES RCT. British Journal of Sports 
Medicine, 57(22), 1428–1434. https://doi.org/10.1136/ 
bjsports-2023-106953  

Rowlands, A. V., Sherar, L. B., Fairclough, S. J., Yates, T., 
Edwardson, C. L., Harrington, D. M., Davies, M. J., Munir, F., 
Khunti, K., & Stiles, V. H. (2019). A data-driven, meaningful, 
easy to interpret, standardised accelerometer outcome vari
able for global surveillance. Journal of Science & Medicine in 
Sport, 22(10), 1132–1138. https://doi.org/10.1016/j.jsams. 
2019.06.016  

Rubin, D. B. (1987). Multiple imputation for nonresponse in 
surveys. Wiley.

Schwendinger, F., Knaier, R., Wagner, J., Infanger, D., 
Lichtenstein, E., Hinrichs, T., Rowlands, A., & Schmidt- 
Trucksäss, A. (2025). Relative and absolute intensity acceler
ometer metrics decipher the effects of age, sex, and occupa
tion on physical activity. BMC Public Health, 25(1), 885.  
https://doi.org/10.1186/s12889-025-21800-w  

Schwendinger, F., Wagner, J., Knaier, R., Infanger, D., Rowlands, A. 
V., Hinrichs, T., & Schmidt-Trucksäss, A. (2024). Accelerometer 
metrics: Healthy adult reference values, associations with car
diorespiratory fitness, and clinical implications. Medicine and 
Science in Sports and Exercise, 56(2), 170–180. https://doi.org/10. 
1249/MSS.0000000000003299  

Siddique, J., Aaby, D., Montag, S., Sidney, S., Sternfeld, B., Welch, 
W. A., Carnethon, M. R., Liu, K., Craft, L. L., Pettee Gabriel, K., 
Barone Gibbs, B., Reis, J. P., & Freedson, P. (2020). 
Individualized relative-intensity physical activity acceler
ometer cut points. Medicine and Science in Sports and 
Exercise, 52(2), 398–407. https://doi.org/10.1249/MSS. 
0000000000002153  

Sterne, J. A. C., White, I. R., Carlin, J. B., Spratt, M., Royston, P., 
Kenward, M. G., Wood, A. M., & Carpenter, J. R. (2009). Multiple 
imputation for missing data in epidemiological and clinical 
research: Potential and pitfalls. BMJ, 338(jun29 1), b 2393.  
https://doi.org/10.1136/bmj.b2393  

Taylor, S. L., Curry, W. B., Knowles, Z. R., Noonan, R. J., McGrane, 
B., & Fairclough, S. J. (2017). Predictors of segmented school 
day physical activity and sedentary time in children from a 
Northwest England low-income community. International 
Journal of Environmental Research and Public Health, 14(5), 
534. https://doi.org/10.3390/ijerph14050534  

Taylor, S. L., Noonan, R. J., Knowles, Z. R., Owen, M. B., McGrane, 
B., Curry, W. B., & Fairclough, S. J. (2018, May 17). Evaluation 
of a pilot school-based physical activity clustered rando
mised controlled trial—active schools: Skelmersdale. 
International Journal of Environmental Research and Public 
Health, 15(5), 1011. https://doi.org/10.3390/ijerph15051011  

Tomkinson, G. R., Carver, K. D., Atkinson, F., Daniell, N. D., Lewis, 
L. K., Fitzgerald, J. S., Lang, J. J., & Ortega, F. B. (2018). 
European normative values for physical fitness in children 
and adolescents aged 9–17 years: Results from 2 779 165 
Eurofit performances representing 30 countries. British 
Journal of Sports Medicine, 52(22), 1445–1456. https://doi. 
org/10.1136/bjsports-2017-098253  

Tomkinson, G. R., Lang, J. J., Blanchard, J., Léger, L. A., & 
Tremblay, M. S. (2019). The 20-m shuttle run: Assessment 
and interpretation of data in relation to youth aerobic fitness 
and health. Pediatric Exercise Science, 31(2), 152–163. https:// 
doi.org/10.1123/pes.2018-0179  

Tomkinson, G. R., Lang, J. J., Tremblay, M. S., Dale, M., LeBlanc, A. 
G., Belanger, K., Ortega, F. B., & Léger, L. (2017). International 
normative 20 m shuttle run values from 1 142 026 children 
and youth representing 50 countries. British Journal of Sports 
Medicine, 51(21), 1545–1554. https://doi.org/10.1136/bjsports- 
2016-095987  

Trost, S. G. (2020). Population-level physical activity surveil
lance in young people: Are accelerometer-based measures 
ready for prime time? The International Journal of Behavioral 
Nutrition and Physical Activity, 17(1), 28. https://doi.org/10. 
1186/s12966-020-00929-4  

van Buuren, S., & Groothuis-Oudshoorn, K. (2011). Mice: 
Multivariate imputation by chained equations in R. Journal 
of Statistical Software, 45(3), 1–67. https://doi.org/10.18637/ 
jss.v045.i03  

Waldhauser, K. J., Ruissen, G. R., & Beauchamp, M. R. (2020). 
Psychological factors associated with physical activity in 
youth. In T. Brusseau, S. Fairclough, & D. Lubans (Eds.), The 
Routledge handbook of youth physical activity (pp. 173–190). 
Routledge.

Welk, G. J. (1999). The youth physical activity promotion model: A 
conceptual bridge between theory and practice. Quest, 51(1), 
5–23. https://doi.org/10.1080/00336297.1999.10484297  

Welk, G. J., Morrow, J. R., Jr., & Saint-Maurice, P. F. (2017). 
Measures Registry user Guide: Individual physical activity. 
National Collaborative on Childhood Obesity Research. 
Retrieved September 8, 2024, from http://www.nccor.org/ 
downloads/NCCOR_MR_User_Guide_Individual_PA-v7.pdf .

Woods, A. D., Gerasimova, D., Van Dusen, B., Nissen, J., Bainter, 
S., Uzdavines, A., Davis‐Kean, P. E., Halvorson, M., King, K. M., 
Logan, J. A. R., Xu, M., Vasilev, M. R., Clay, J. M., Moreau, D., 
Joyal‐Desmarais, K., Cruz, R. A., Brown, D. M. Y., Schmidt, K., & 
Elsherif, M. M. (2024). Best practices for addressing missing 
data through multiple imputation. Infant and Child 
Development, 33(1), e2407. https://doi.org/10.1002/icd.2407

12 S. J. FAIRCLOUGH ET AL.

https://doi.org/10.1186/1471-2288-13-53
https://doi.org/10.1186/1471-2288-13-53
https://doi.org/10.1161/CIR.0000000000000866
https://doi.org/10.1161/CIR.0000000000000866
https://doi.org/10.1249/MSS.0000000000001561
https://doi.org/10.1016/j.jshs.2024.100977
https://doi.org/10.1016/j.jshs.2024.100977
https://doi.org/10.1136/bjsports-2023-106953
https://doi.org/10.1136/bjsports-2023-106953
https://doi.org/10.1016/j.jsams.2019.06.016
https://doi.org/10.1016/j.jsams.2019.06.016
https://doi.org/10.1186/s12889-025-21800-w
https://doi.org/10.1186/s12889-025-21800-w
https://doi.org/10.1249/MSS.0000000000003299
https://doi.org/10.1249/MSS.0000000000003299
https://doi.org/10.1249/MSS.0000000000002153
https://doi.org/10.1249/MSS.0000000000002153
https://doi.org/10.1136/bmj.b2393
https://doi.org/10.1136/bmj.b2393
https://doi.org/10.3390/ijerph14050534
https://doi.org/10.3390/ijerph15051011
https://doi.org/10.1136/bjsports-2017-098253
https://doi.org/10.1136/bjsports-2017-098253
https://doi.org/10.1123/pes.2018-0179
https://doi.org/10.1123/pes.2018-0179
https://doi.org/10.1136/bjsports-2016-095987
https://doi.org/10.1136/bjsports-2016-095987
https://doi.org/10.1186/s12966-020-00929-4
https://doi.org/10.1186/s12966-020-00929-4
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1080/00336297.1999.10484297
http://www.nccor.org/downloads/NCCOR_MR_User_Guide_Individual_PA-v7.pdf
http://www.nccor.org/downloads/NCCOR_MR_User_Guide_Individual_PA-v7.pdf
https://doi.org/10.1002/icd.2407

	Abstract
	Introduction
	Materials and methods
	Participants and settings
	Sample size estimation and justification
	Measures
	Anthropometric measures
	Cardiorespiratory fitness
	Physical activity data generation
	Absolute intensity physical activity outcomes (<xref ref-type="fig" rid="f0001">Figure 1</xref>).
	Relative intensity physical activity outcomes (<xref ref-type="fig" rid="f0001">Figure 1</xref>).

	Data analysis

	Results
	Aim 1
	Aim 2
	Discussion
	Acknowledgments
	Disclosure statement
	Funding
	ORCID
	Data availability statement
	References

