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Abstract

Background

Average acceleration (AvAcc) and intensity gradient (IG) are
accelerometer metrics which when combined describe the volume and
intensity distribution of physical activity, sedentary behaviour, and sleep
across the 24-hour cycle. Little is known about trajectories of children’s
AvAcc and IG over time on weekdays and weekends. This study describes
school year trajectories of children’s weekday and weekend AvAcc and IG.
Methods

During 2023-24 249 children (8-9 years old; 51.4% girls) wore
accelerometers for 24 hours[Jday! over 7-days at three time points
(Autumn, Winter/Spring, Summer). AvAcc and IG were calculated for
weekdays and weekends. K-means cluster analyses were performed on
Autumn data to group participants according to their combined AvAcc and
IG profiles. Linear mixed models examined school year weekday and
weekend AvAcc and IG trajectories for the whole sample (Aim 1) and for
the clusters (Aim 2).

Results

Aim 1: There were significant increases in weekday AvAcc in Summer

compared to Winter/Spring (b = 3.94, 95%CI=1.20, 6.68) and Autumn (b
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= 4.43, 95%CI=2.47, 6.40), but not IG. Weekend AvAcc and IG were
relatively stable. Aim 2: Three cluster groupings of children were identified
(Most Active, Somewhat Active (weekdays) / Active (weekends), and Least
Active). Weekday AvAcc increased significantly from Winter/Spring to
Summer in all groups (+3.6-4.6 mg, 95% Cls > 0) and from Autumn to
Summer in the less active groups only (+5.2-5.8 mg, 95% CIs > 0). IG
remained stable for the Most and Somewhat Active groups, with a
significant increase from Autumn to Summer observed in the Least Active
group (+0.05, 95% CI =0.01-0.09). There were no significant within-
cluster group changes in weekend AvAcc or IG, although the Least Active
children had the most positive AvAcc and IG trajectories.

Conclusions

Weekday physical activity volume but not intensity increased over the
school year, while both dimensions of weekend activity had stable
trajectories. Weekday and weekend cluster groups had distinct physical
activity profiles which followed subtly different AvAcc and IG trajectories.
The results reinforce the complementary insights provided by studying
AvAcc and IG together and have implications for children’s physical

activity intervention programming.

Keywords

Average acceleration, intensity gradient, longitudinal, accelerometer, 24-

hour movement behaviours, seasonal, weekday, weekend
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Background

Assessing 24-hour movement behaviours with accelerometry captures
duration, volume, and intensity characteristics relevant to physical
activity, sedentary behaviour, and sleep (1). Average acceleration (AvAcc)
and intensity gradient (IG) are directly measured accelerometer metrics
which when applied over the 24-hour cycle describe the volume (AvAcc)
and intensity distribution (IG) of all daily movement (2). AvAcc but not IG
is strongly correlated with cut-point derived moderate-to-vigorous physical
activity (MVPA) (2, 3), which is traditionally reported in accelerometer
studies. Moreover, AvAcc and IG are independently associated with health
and wellbeing outcomes in children (3) and adults (2, 4) and thus, provide
more nuanced information on how physical activity volume and intensity

relate to such outcomes than cut-point-based metrics.
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Previous studies of children’s AvAcc and IG have been limited by reliance
on cross-sectional data, which are typically averaged across all days of the
week (3, 5, 6). Consequently, no empirical evidence exists reporting
longitudinal trajectories of these metrics, and little is known about how
they differ between weekdays and weekends (7). Weekdays and weekends
provide very different stimuli for children to engage in physical activity,
including structure of the days, physical activity opportunities, home
routines, and social environments (7-9). Most cross-sectional studies
observe higher levels of physical activity and less time spent sedentary on
weekdays compared to weekends (7, 8, 10), while longitudinal studies
suggest that trajectories of cut-point derived MVPA are generally stable
(11). However, little is known about weekday and weekend AvAcc and IG,
particularly when assessed longitudinally. This study aims to add to the

current knowledge base by addressing this gap.

Children’s physical activity is characterised by substantial inter-individual
variability which may predict distinct patterns of change (12), whereby
children with different activity profiles may respond differently over time
to seasonal influences, environmental changes, or maturational processes
(13). Further, from a public health perspective, understanding whether
physical activity inequalities widen or narrow over time is important for
targeting interventions and services effectively (14). Cluster-based
analysis can allocate participants into groups based on common
characteristics, such as physical activity profiles. The longitudinal stability

of physical activity for each cluster can subsequently be examined to
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provide deeper insights into children’s physical activity trajectories (e.g.,
whether less active children show increases over time relative to more
active peers (15, 16). Such approaches have potential to reveal
heterogeneity in children’s physical activity trajectories (17), but to date

these analyses have not been used with AvAcc and IG.

For 9-10 months of the year children’s lives in and out of school are largely
structured around the school calendar and its associated social and
environmental contexts (9). Thus, the school year is a critical annual period
in children’s development, which has strong ecological validity as a
longitudinal window for examining their physical activity. Furthermore,
the school year in the UK typically spans autumn, winter, spring, and
summer, encompassing the full range of climatic- and environmental-
related influences on physical activity, particularly outdoor activity (18).
Based on these combined factors, the school year arguably provides a
more representative picture of longitudinal variation in children's ‘typical’
activity behaviours than a calendar year, which includes extended school
summer breaks that dramatically alter children’s movement behaviour

routines (9, 18).

Understanding children’s physical activity volume and intensity
distribution trajectories across the school year can inform critical periods
for the implementation of targeted interventions. Moreover, directly
measured physical activity volume and intensity profiles may better reflect

nuanced changes in activity behaviours than traditional accelerometer cut-
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point approaches, and thus be more informative for children’s health
promotion efforts. To address these evidence gaps, this longitudinal study
aimed to [1] describe the school year trajectories of children’s weekday
and weekend AvAcc and IG, and [2] examine whether these trajectories

varied between children with different AvAcc and IG profiles.

Methods

Participants were 249 children aged 8-9 years (51.4% girls) who attended
seven primary schools in Pennine Lancashire, northwest England. The
schools were located in areas of varying deprivation (median English
Indices of Multiple Deprivation (EIMD) decile = 5 (19)) and ranged in size
from 206-446 enrolled children (mean school enrolment = 296 children).
Of these, 22.2% were eligible for free-school meals (FSM) which is similar
to the 24.2% average for the region within which the schools were situated
(20). Schools were recruited through the Together an Active Future
(taaf.co.uk) ‘Ready, Set, Move’ active schools network in Pennine
Lancashire. In accordance with the project ethical approvals granted by
Edge Hill University’s Science Research Ethics Committee (#ETH2324-
011), consent materials were distributed to schools with signed informed
parent/carer consent and child assent required for each child to
participate in the project. Consent materials were distributed to all Year 4
children (aged 7-8 years) in the seven schools (N = 305) with informed

consent provided for N = 249 children (81.6% participation rate). Data
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collection occurred at three time points during the 2023-24 school year
over four-week periods in November-December 2023 (Autumn), February-

March 2024 (Winter/Spring), and June-July 2024 (Summer).

Measures

Demographic characteristics

Schools provided child participant-level data related to sex, birth date,
ethnicity, FSM eligibility, home postcode, and academic attainment. FSM
eligibility (coded as yes/no) was used as a child-level indicator of
socioeconomic status (SES). Five ethnicity categories were adapted from
the UK Census ethnicity classifications (White/White British, Mixed
ethnicity, Asian/Asian British, Black/Black British/Caribbean/African,
Other ethnicity) (21). For additional contextual data, EIMD rank scores
were calculated from home postcodes to provide a neighbourhood-level
ranked measure of deprivation ranging from 1 (most deprived) to 32,844

(least deprived) (19).

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, with participants in light clothing with
shoes removed. Body mass index (BMI) was calculated for each participant
and BMI z-scores (BMIz) were assigned (22). International Obesity Task
Force BMI cut-points were then applied to classify participants as normal

weight or overweight/obese (23).
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Physical activity outcomes

Participants wore ActiGraph GT9X (ActiGraph, Pensacola, FL, USA) or
Axivity AX3 (Axivity Ltd, Newcastle-Upon-Tyne, UK) triaxial
accelerometers on the non-dominant wrist for 24 hour-day~! over 7 days
with recording frequency set to 100 Hz. Choice of device deployment
depended on availability during each data collection time point, with
ActiGraph devices being most commonly used (68.3% vs. 31.1%;
Additional file 1, Table S7). ActiGraph data were downloaded using
ActiLife version 6.11.9 (ActiGraph, Pensacola, FL, USA) and saved in raw
format as GT3X files. Axivity AX3 data were downloaded using OMGUI
software version 1.0.0.43 (Axivity Ltd, Newcastle-Upon-Tyne, UK) and
saved as cwa format raw files. Raw accelerometer data files were
processed and all accelerometer outcomes were generated using the GGIR
R package (24) v3.0-0, which included autocalibration using local gravity
as a reference (25) 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 times on other days of the week (26).
Wear time criteria were at least three valid days with = 960 min-day~!
defined as a valid wear day, with accelerometer data excluded from
analyses if post-calibration error was > 10 mg (milli-gravitational units)
and/or the wear time criteria were not achieved. The triaxial
accelerometer signals were converted into one omnidirectional summary
measure of acceleration (ENMO; i.e., the Euclidean norm of the three

accelerometer axes with 1 g subtracted and negative values truncated to
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zero (26)). Computed valid day ENMO values expressed in mg were
averaged over 1-s epochs to reflect the intermittent nature of children’s
physical activity behaviour and to ensure higher intensity physical activity
was captured (27). ENMO values were then used to generate all

subsequent physical activity outcomes, as follows:

Average acceleration (AvAcc) is the average magnitude of dynamic
acceleration (i.e., ENMO). It represents the average intensity across the
day and is a proxy for physical activity volume (2). Intensity gradient (IG)
reflects the negative curvilinear relationship between intensity and time
accumulated at any given intensity, and describes the physical activity
intensity distribution across the day (2). IG values are always negative,
with higher (i.e., less negative) values indicating proportionately more
time being spread across the full intensity profile, whereas a lower or more
negative IG reflects proportionately less time spent in mid-range and
higher intensities. AvAcc and IG are independently associated with a range
of health and wellbeing outcomes in children (3). Both metrics measured
by ActiGraph and Axivity devices worn on the non-dominant wrist have
demonstrated equivalence in adults without adjustment for any correction
factors (28). MX metrics (where X refers to an accumulated duration of
time in minutes) represent the acceleration in mg above which the most
active X minutes are accumulated. MX metrics are a population-
independent continuous variable, derived from directly measured
accelerations, and capture intensity irrespective of level of activity, or

fitness status (29). Fourteen MX metrics were computed to cover different

10
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durations of interest and thus give a comprehensive picture of
participants’ physical activity profiles. These were M1, M2, M5, M10, M15,

M30, M60, M120, M240, M360, M480, M600, M720, and M960.

Data analysis

Data preparation and analyses were performed in R (version 4.3.3) and R
Studio (v2021.09.0). Following data cleaning and error checking,
preliminary analysis of valid accelerometer wear at each data collection
time point was conducted as device non-wear was anticipated to be the
most likely cause of data attrition. Accelerometer wear time criteria were
achieved by 185 (Autumn), 138 (Winter/Spring), and 151 (Summer)
participants, which reflected 25.7%, 44.6%, and 39.4% attrition,
respectively (36.5% overall). Visual inspection of the distribution and
patterns of missing data and analysis of participant characteristics
between those with and without accelerometer outcomes indicated non-
systematic differences in age, sex, ethnicity, FSM eligibility, BMIz, or
school attended (Additional file 1, Table S8). We therefore proceeded with
the assumption that the data were missing at random and used the mice
package v. 3.17.0 (30) to perform multiple imputation by chained

equations to replace missing values.

Multiple imputation
Multiple imputation aims to minimise the impact of data attrition or non-
response bias on data analysis by using available information about study

participants to adjust parameter estimates, which can be subject to biases

11
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when data are missing (31). 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 (32). Our dataset contained a large number of
accelerometer variables representing identical outcomes for different
parts of the week (e.g., AvAcc averaged across the week, on weekdays, and
on weekends). Including all of these variables in the same multiple
imputation analysis presented a high risk of multicollinearity and poor
model convergence with unreliable imputation estimates. To address this,
two separate longitudinal datasets were created which included
accelerometer data that were averaged across weekday or weekend days
only. To prepare each dataset for multiple imputation, the fraction of
missing information (FMI) was calculated for AvAcc, IG, and other
movement behaviour outcomes. The highest FMI values for the outcomes
of interest were 28% for weekday IG, and 40% for weekend AvAcc. Guided
by recommendations to set m (i.e., the number of imputations) to = 100
times the highest FMI (33), the total imputations in each model were set
at 30 (weekday) and 40 (weekend). The number of weekday imputations
reflected the 30% FMI for weekday sleep, which was a measured
movement behaviour outcome in the wider project dataset, but not one
that was a focus of the current study. The models used predictive mean
matching and proportional odds logistic regression imputation methods
and accounted for school-level clustering. The number of iterations per
imputation was adjusted and checked by inspections of trace plots, density

plots, box plots, and descriptive statistics to determine when satisfactory

12
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convergence had been achieved. Two fully converged imputed datasets

were generated representing the weekday and weekend datasets.

All subsequent weekday and weekend analyses were conducted separately
on the multiply imputed datasets, but to help with comparative
interpretations weekday and weekend model results are presented
together. For Aim 1, linear mixed models were generated using the /me4
v. 1.1-36 (34) and carv. 3.1-3 (35) R packages to examine AvAcc and IG
trajectories. Covariates were sex, SES, ethnicity, and BMIz, with school
included as a random effect. Physical activity profiles were examined
through radar plot visualisation of MX metrics for durations where

differences between time points were evident (i.e., M60 to M1).

For Aim 2, the mclust package v. 6.1.1 (36) was used to perform k-means
cluster analyses on Autumn AvAcc and IG to group participants according
to their combined physical activity volume and intensity distribution
profiles. This cluster analysis method was selected as it is computationally
more straightforward to achieve successful model convergence with
longitudinal multiply imputed data. To account for the different units of
measurement used for AvAcc and IG, and to avoid one outcome artificially
dominating the clustering process, AvAcc and IG were firstly converted to
z-scores to allow the analyses to be conducted using standardised values.
This ensured that true multivariate patterns in the data were identified
rather than the clustering being biased by the different measurement

scales. K-means clustering solutions from 1-6 clusters were evaluated

13
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349

using the elbow plot method (Additional file, Figures S1 and S2) and
silhouette analysis. Cluster separation was visualised with t-distributed
Stochastic Neighbour Embedding (t-SNE) plots generated using the R7sne
package v. 0.15 (37). Once the number of clusters were decided, cluster
trajectories for AvAcc and IG were analysed using separate linear mixed
models (/me4 (34) and mitm/ v. 0.4-5 (38) packages). For each cluster,
pairwise comparisons of time point predicted means were undertaken with
the Holm-Bonferroni adjustment applied to control for familywise error.
All models were adjusted for cluster*time-point interactions, sex, SES,
ethnicity, and BMIz. School-level random effects were not included as
preliminary models indicated negligible between-school variance.
Weekday and weekend physical activity profiles of each cluster over the
school year were visualised with radar plots (39) of M60, M30, M15, M10,
M5, M2, and M1 values. For all Aim 1 and 2 analyses, the mice (30) and
mitml/ (38) packages were used to pool estimates from each imputed
dataset using Rubin’s Rules (40). Statistical significance was determined
by 95% confidence intervals. The Anthropic Claude Sonnet 4.5 Large
Language Model was used within Microsoft Visual Studio Code v. 1.100.3

for data analysis code troubleshooting and refinement.

Results

The weekday and weekend imputed datasets included data from 249
children. Intra-class correlations for school-level variance across time
points were low (weekday ICC range = 0.003-0.03; weekend = 0.01-0.02),

indicating that schools were too similar for a school-level effect on the

14



350

351

352

353
354
355
356

children’s physical activity volume and intensity distributions to be

detected. Descriptive characteristics of the children and their Autumn

unadjusted physical activity outcomes are presented in Table 1.

Table 1. Participants’ descriptive characteristics and unadjusted Autumn physical
activity outcomes (Mean (SD) unless otherwise stated)

Variable

All (N=249)

Boys (n=121)

Girls (n=128)

Age (y)

Height (cm)

Weight (kg)

BMI (kg[Jm2)

BMIz

Weight status
Normal weight (%)
Overweight/obese

(%)

FSM eligibility (%)

EIMD rank

Ethnicity

White/White
British (%)

Mixed ethnicity (%)

Asian/Asian British
(%)

Other ethnicity (%)
Physical activity
outcomes

Number of valid

weekdays

8.70 (0.42)

132.43 (5.91)

31.29 (6.86)
17.72 (3.01)

0.35 (1.09)

72.17

27.83

16.87

14865.39

(1015.62)

78.31

3.61

17.67

0.40

4.41 (0.94)

8.71 (0.43)
133.09 (5.77)
31.28 (6.47)
17.55 (2.84)

0.60 (1.14)

75.92

24.08

14.88

14346.12 (1018.51)

79.34

2.48

18.18

0.00

4.29 (1.0)

8.69 (0.42)
131.81 (5.99)
31.29 (7.24)
17.88 (3.16)

0.12 (0.99)

68.62

31.38

18.75

15356.27 (1015.38)

77.34

4.69

17.19

0.78

4.52 (0.88)

15
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359

360

361

362
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365

366

367

368

369

370

371

372

Weekday wear time 1363.81 1355.82 (105.91) 1371.36 (111.29)

(min[Jday1) (108.97)

Weekday AvAcc 46.89 (10.86) 51.12 (10.78) 42.89 (9.36)
(mg)

Weekday IG -2.08 (0.14) -2.03 (0.12) -2.14 (0.13)

Number of valid 1.57 (0.77) 1.48 (0.80) 1.65 (0.73)

weekend days

Weekend wear 1351.40 1335.79 (149.73) 1366.15 (129.61)

time (min[Jday!) (140.48)

Weekend AvAcc 43.60 (19.49) 45.60 (20.34) 41.70 (18.49)
(mg)
Weekend IG -2.18 (0.18) -2.15 (0.18) -2.20 (0.17)

Legend. BMI = body mass index, FSM = free-school meals, EIMD = English Indices of
Multiple Deprivation, min = minutes, AvAcc = average acceleration, mg =
milligravitational unit, IG = intensity gradient

Aim 1

Aim 1 examined adjusted trajectories of AvAcc and IG across the school
year separately for weekday and weekends (Additional file 1, Tables S1
and S2). Weekday AvAcc was stable between Autumn and Winter/Spring
then significantly increased from Winter/Spring to Summer (b = 3.94,
95%CI=1.20, 6.68; Figure 1). Summer AvAcc was also significantly higher
than at Autumn (b = 4.43, 95%CI=2.47, 6.40). Weekday AvAcc was
significantly associated with sex (boys>girls; b = 7.04, 95%CI = 5.48,
8.61), and there was an inverse association between BMIz and AvAcc (b =
-0.72, 95%CI = -1.38, -0.07). Follow-up analyses indicated no significant
sex*time point or BMIz*time point interactions. Weekday IG was stable

across the three time points with only small non-significant increases

16
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evident between Autumn, Winter/Spring, and Summer (Figure 1). Risk of

multicollinearity in all models was low (VIF range = -1.0 to 3.0).
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Figure 1. Adjusted weekday and weekend average acceleration and intensity gradient
trajectories over the school year. Note. Estimates are adjusted for sex, SES, ethnicity,
and BMIz. Ribbons indicate 95% confidence intervals with the Y-axis scales reflecting the
full range of 95% confidence intervals. ¥ = Summer > Winter/Spring (p=.005); T =
Summer > Autumn (p<.001). AvAcc = average acceleration, IG = intensity gradient, mg
= milligravitational units.

Adjusted weekend AvAcc values were lower than weekday values at
Autumn and Summer, whereas weekend IG values (Figure 1) were lower
at all time-points. Both weekend metrics were relatively stable with no
significant changes evident between time points (Additional file 1, Table

S2).

Figures 2a and 2b present the children’s respective weekday and weekend

MX values describing the physical activity profiles underlying the

17
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trajectories of AvAcc and IG over the school year. On weekdays, physical
activity profiles overlapped at Autumn and Winter/Spring and increased in
intensity linearly at Summer for all MX durations. These increases were
particularly evident from M30 and were most pronounced during the most
active 5, 2, and 1 minutes of the day (Figure 2a). Weekend physical activity
profiles showed that activity intensity from M60 to M1 increased between
Autumn to Winter/Spring and Summer when similar levels of acceleration
were apparent at all MX durations (Figure 2b). Further, at all time points,
weekend M10 (range = 756 to 826 mg) to M1 (range = 1879 to 2004 mg)
were lower than for weekday (M10 range = 797 to 875 mg; M1 range =
2203 to 2434 mg), which reflects the higher observed weekday AvAcc and
IG. Irrespective of weekday or weekend, at all time points the most active
accumulated 60 minutes were at intensities greater than brisk walking/3
Metabolic Equivalents of Task (METS) (i.e., > 200 mg (41)). The children
also accrued between 10 and 15 minutes of accelerations at or above 6
METS (i.e., 707 mg (41); i.e., at an equivalent intensity to running),

highlighting that this was a highly active sample of children.
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Figures 2a and 2b. MX metrics school year (a) weekday and (b) weekend physical activity
profiles. Each plot shows M60, M30, M15, M10, M5, M2, and M1.

Aim 2

Aim 2 identified clusters of children with distinct physical activity volume
and intensity profiles and examined cluster-specific trajectories of AvAcc
and IG over the school year. Clusters were developed separately for
weekday and weekend. Descriptive characteristics of the children in each
cluster are presented in Additional file 1 (Tables S3 (weekday) and S4
(weekend)). For weekday physical activity, elbow plot inspection
demonstrated the presence of 3-cluster groupings (Additional file 1, Figure
S1) and the pooled silhouette score of 0.33 supported a moderate and
acceptable cluster structure that reflected the typical variation in
children’s physical activity levels. The weekday t-SNE plot showed clear
cluster separation confirming the presence of three distinct groups (Figure
3a). The clusters were balanced, representing 30.7% (n = 76), 34.5% (n =
86), and 34.8% (n = 87) of the sample and were characterised as follows:
Cluster 1 (Most Active) was above the sample average physical activity

volume and intensity (mean combined standardised AvAcc and IG = 0.54),
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was made up of 61.60% boys with 73.40% classified as normal weight;
Cluster 2 (Somewhat Active) was marginally below average (mean
combined standardised AvAcc and IG = -0.10), had 39.70% boys, and
73.10% classed as normal weight; Cluster 3 (Least Active) was more
substantially below average (mean combined standardised AvAcc and IG
= -0.32), consisted of 39.50% boys and 70.20% of participants with normal
weight. The cluster centroids for AvAcc were 53.0 mg (Most Active), 45.3
mg (Somewhat Active), and 43.9 mg (Least Active). The corresponding

values for IG were -2.01, -2.09, and -2.14, respectively.

A 3-cluster solution was also evident for weekend physical activity based
on the inflection point in the elbow plot (Additional file 1, Figure S2) and
pooled silhouette score of 0.48. Figure 3b demonstrates the distinct cluster
separation between the three groups. The sample was relatively equally
distributed between the clusters (Cluster 1 = 31.2%/n = 78, Cluster 2 =
33.6%/n = 84, and Cluster 3 =35.1%/n = 87). These were labelled as Most
Active (Cluster 1; mean combined standardised AvAcc and IG = 0.38,
49.40% boys, 72.20% normal weight), Active (Cluster 2; mean combined
standardised AvAcc and IG = 0.32, 48.70% boys, 71.70% normal weight),
and Least Active (Cluster 3; mean combined standardised AvAcc and IG =
-0.09, 47.80% boys, 72.50% normal weight). The cluster centroids for
weekend AvAcc were 51.1 mg (most Active), 49.7 mg (Active), and 41.0

mg (Least Active), and -2.11, -2.12, and -2.18, respectively for IG.
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Figures 3a and 3b. t-distributed Stochastic Neighbour Embedding plots demonstrating
cluster separation for pooled (a) weekday and (b) weekend data.

Cluster-specific trajectories of physical activity volume and intensity

Weekday physical activity volume and intensity distribution trajectories
differed substantially (Figure 4; Additional File, Table S5). In all three
cluster groups AvAcc significantly increased between Winter/Spring and
Summer (Most Active: predicted change = 4.63 mg, 95% CI = 1.96, 7.29;
Somewhat Active: predicted change = 3.87 mg, 95% CI = 1.36, 6.38; Least
Active: predicted change = 3.60 mg, 95% CI = 1.12, 6.08). Increases in
AvAcc were also evident between Autumn and Summer in the two lesser
active groups (Somewhat Active: predicted change = 5.17 mg, 95% CI =
2.66, 7.68; Least Active: predicted change = 5.78 mg, 95% CI = 3.29,
8.26). IG trajectories were stable for the Most and Somewhat Active
groups, although there was a significant increase between Autumn and
Summer for the Least Active group (predicted change = 0.05, 95% CI =
0.01, 0.09). Sex was associated with weekday AvAcc and IG, indicating that
boys were more active than girls (AvAcc: [J = 2.97, 95%CI = 0.76, 5.18; IG:

0 = 0.04, 95%CI = 0.01, 0.06). Further, there was a significant inverse
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association between BMIz and weekday IG (J = -0.01, 95%CI = -0.02, -
0.004), but not any significant sex or BMIz interaction effects with time-

point or cluster.

There were no significant within-cluster group changes in weekend AvAcc
or IG, although the temporal patterns were inconsistent between groups
(Figure 5; Additional file 1, Table S6). Specifically, while the Most Active
and Active groups showed modest reductions in weekend AvAcc and IG,
both metrics had small upwards trajectories in the Least Active group (all
adjusted p > 0.05). Boys recorded significantly higher weekend IG than
girls (b = 0.04, 95%CI = 0.01, 0.07), but there were no significant sex*

time point or sex*cluster interactions.
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Figure 4. Adjusted weekday average acceleration and intensity gradient trajectories of
the three clusters over the school year. Note. Estimates are adjusted for sex, SES,
ethnicity, and BMIz. Ribbons indicate 95% confidence intervals with the Y-axis scales
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Figure 5. Adjusted weekend average acceleration and intensity gradient trajectories of
the three clusters over the school year. Note. Estimates are adjusted for sex, SES,
ethnicity, and BMIz. Ribbons indicate 95% confidence intervals with the Y-axis scales
reflecting the full range of 95% confidence intervals. mg = milligravitational units.

The weekday and weekend physical activity profiles of participants in the
Least Active and Somewhat Active (weekday)/Active (weekend) clusters
were characterised by increased MX intensities for durations between 10
minutes and 1 minute at Summer compared to Autumn (Additional file 1;
Figures S3 and S4). For the Most Active clusters, changes in weekday MX
metrics between Autumn and Summer were negligible but decreased
between M15 and M1 in Winter/Spring. Weekend MX outcomes for the
Most Active cluster overlapped all three time points from M5 to M1. As

was observed for the whole sample, irrespective of weekday or weekend
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at all time points M60 values for each cluster were at an intensity greater

than brisk walking/3 METS (i.e., > 200 mg (41)).

Discussion

This study analysed school year trajectories of weekday and weekend
physical activity volume and intensity distribution in a sample of 8-9-year-
old children and in groups clustered by AvAcc and IG profiles. The findings
demonstrate distinct trajectory patterns for physical activity volume
versus intensity distribution, particularly on weekdays where significant

changes in AvAcc were observed for the whole sample and cluster groups.

Aim 1

Summer weekday AvAcc was significantly higher than Winter/Spring and
Autumn, which contrasted with the more stable trajectory of weekday IG.
Although our study is the first to report longitudinal changes in children’s
AvAcc and IG the results are consistent with previous seasonal variation
research using MVPA, which is strongly correlated with AvAcc in children
(e.g., r = 0.96 (3)). For example, a 2022 meta-analysis showed that MVPA
was significantly higher in summer relative to fall (autumn) (18), while an
earlier study of a population-representative sample of UK 7-8 year olds
reported most MVPA during the summer months (13). The finding that
weekday IG was relatively stable with only small increases evident
between time points suggests that increases in physical activity volume
were quite evenly spread across the intensity distribution, rather than

being due to increases in higher intensity activities. The stable weekday
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IG values could also reflect increases in AvAcc through lower intensity
activities which would have blunted any gains in IG. Moreover, it is
plausible that IG was less variable among children who participated in
organised sports and therefore accumulated comparatively more time in
higher intensity activities across the school year, irrespective of season
(e.g., netball in autumn and winter and track and field in summer, or
football throughout the year (42)). The weekday IG trajectory also shows
that intensity distributions across the physical activity intensity spectrum
were consistent over the school year, indicating that the volume of
weekday physical activity rather than the intensity distribution may have
been be more influenced by multidimensional seasonal factors (e.g.,
weather and daylight hours (18), access to outdoor open/play spaces (43),
parental restrictions (44), school policies (45), and physical activity
opportunities offered by schools (46)). These results highlight how AvAcc
and IG together provide a more nuanced picture of physical activity
engagement, than reporting either in isolation, or than MVPA which shares

a high proportion of variance with AvAcc (2, 3).

Weekend AvAcc and IG trajectories were relatively stable, with only small
increases observed between time points. This concurs with longitudinal
studies of cut-point derived MVPA on weekday and weekend days (11). As
anticipated, AvAcc and IG were lower on weekend days which corresponds
with a previous weekday vs weekend comparison of children’s AvAcc and
IG (7) and other studies reporting alternative weekday and weekend

physical activity outcomes (18). It is possible that different mechanisms
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were driving weekend physical activity volume and intensity, which were
characterised by greater variability than the weekday data. Weekdays
follow a highly consistent structure with repeated opportunities for
physical activity engagement over the week (9). During weekends there is
far less structure and greater within- and between-child discretionary time
which gives children more autonomy to participate in a range of activities
across the intensity spectrum (8). When children have increased choice
and agency over their recreational activities, they may be more likely to
choose sedentary and low intensity activities (47). This would be reflected
in low IG values with a greater proportion of time spent at the lower end
of the intensity distribution. This supposition aligns with our weekend vs.
weekday findings and those of others (8, 11, 48), although we acknowledge

the absence of supporting contextual data.

It is not possible to discern precisely what drove the differences in the
trajectory patterns of AvAcc and IG over the school year from
accelerometer data alone, but it is likely that weather and climatic
conditions played a role. In Autumn and Winter/Spring the average
temperature and daylight hours were relatively similar (4.0 and 6.7 °C,
and 8.5 and 10.6 hours X dayl, respectively (49)), but in Summer
increased substantially to 18.3 °C and 16.7 hours x day! (49),
respectively. On weekdays the consistent structure of school and daily
routines may have contributed to the children’s physical activity
behaviours being largely unaffected by the cooler and shorter days in

Autumn and Winter/Spring. Conversely, the longer daylight hours and
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higher temperatures in Summer likely afforded increased opportunities for
physical activity-promoting adaptations to the weekday structure (e.g.,
fewer break times spent indoors due to poor weather, more outdoor
physical education and school sports, increased active commuting, more
outdoor activities in the home and neighbourhood). It is also possible that
improved weather and climatic conditions in Summer predisposed some
children to be more active at weekends. This though was not supported by
our results, potentially due to the mitigating influences of low structure,
increased discretionary time, and greater autonomy (8) at weekends for

children to choose low active and sedentary pursuits (47).

Aim 2

Cluster analysis of combined AvAcc and IG profiles resulted in three
groups each from the weekday and weekend datasets. For weekday
clusters there was a disproportionate number of girls in the Most Active
(38.40%) and Least Active groups (60.50%) (Additional file 1, Table S5).
This was consistent with the significant associations between sex and both
physical activity metrics and sex differences typically reported in
children’s physical activity studies (3, 7, 16, 50). In contrast, weekend
cluster memberships were more balanced (Most Active = 50.60% girls,
Active = 51.30% girls, Least Active = 52.20% girls). This could reflect that
for some children, and girls in particular, the more flexible structure of

weekend days facilitated different opportunities for physical activity that
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were not available or as appealing on weekdays (51) (e.g., structured
community sports activities not offered at school or family-oriented

walking and play in natural spaces (52)).

For weekdays, consistent within-cluster changes in AvAcc but not IG were
observed, which aligned with our Aim 1 results. Nevertheless, there were
some differences between clusters which may provide valuable insights to
inform targeted physical activity promotion strategies. For example, the
largest increases in weekday AvAcc and IG between Autumn and Summer
were in the Least Active children, with the smallest increases in the Most
Active. These weekday differences were reflected in the school-year
changes in MX metrics for the most active 10 minutes to 1 minute of the
day. In contrast, the weekend results were more inconsistent. There are
some similarities between these results and those from an earlier group-
based trajectory modelling of UK Millennium Cohort Study physical
activity data (16). In boys and girls the steepest declines in MVPA over 8-
years were in the most active groups, while the least active groups had the
smallest reductions (16). Although the trajectory duration of this study is
much longer than in ours, it still highlights how changes in physical activity
over time are not uniform for all children but vary between groups with
different baseline physical activity levels. This has implications for
targeted physical activity programming and interventions, which are often
overlooked in favour of a universal ‘one-size-fits-all’ approach (53). The
AvAcc and IG cluster trajectories and MX metrics also show that the Least

Active children’s gains in physical activity were more consistent than the
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other groups, suggesting that the influence of seasonal variation and
associated enhanced opportunities for activity (43, 45) may have been

strongest for these children.

The practical meaningfulness of these seemingly small within-cluster
changes merits further exploration. Preliminary evidence exists proposing
AvAcc of ~1 mgas the minimum clinically important difference (MCID) for
physical activity health benefits in inactive adults (54). This MCID is
derived from converging empirical evidence demonstrating alignment
between a daily AvAcc increase of 0.8 to 1.0 mg and robust health-related
criteria (54-56). Whilst this proposed MCID is caveated with some
limitations (54) it does illustrate that small volumes of additional physical
activity may be beneficial for health, particularly among inactive and less
active populations. Similar robust evidence would be needed for an
equivalent MCID in children. Notwithstanding this, our recent work
illustrates that modest increases in children’s physical activity would
confer significant health benefits. For example, increases in daily AvAcc of
16 mg (girls) and 23 mg (boys) would be sufficient volumes of physical
activity for overweight children to move into the healthy weight
classification based on UK BMI reference data (57). We have also shown
that adding as little as 3 minutes of vigorous intensity physical activity (i.e.,
intensity = 700 mg) into the day is associated with meaningful decreases
in children’s BMIz (58). Such findings are consistent with those from adult
epidemiology studies demonstrating how short bouts of moderate and

vigorous intensity intermittent non-exercise physical activity are
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associated with reduced cardiovascular event incidence and mortality (59,
60). Collectively, these findings align with an approach to increasing
children’s physical activity opportunities throughout the day focused on
incremental and incidental accumulation of short intermittent activity

bouts.

S ] | limitati

This study is the first to report children’s weekday and weekend AvAcc and
IG trajectories over the school year. A robust analytical approach was
employed using multiple imputation to ensure the full sample size was
maintained and statistical power optimised for the subsequent trajectory
analyses. A further strength was the novel application of data-driven
clustering to examine changes in school year physical activity across
distinct groups of children. Moreover, the study had strong ecological
validity by focusing on the school year which is a critical annual period for
children’s development and physical activity behaviours. There were also
a number of limitations which warrant discussion. The sample was
recruited from one geographical region, and even though the school day
structures and practices were typical of primary schools elsewhere, other
un-measured factors may have influenced the results which limits their
generalisability to other locations and particularly those with different
climates. Moreover, the possibility of sampling bias cannot be overlooked

as the schools were all involved in a wider active schools initiative, which
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may have contributed to the children’s relatively high physical activity
levels. This may have created a ceiling effect which limited the potential
for increases in AvAcc and IG across the time points. A further limitation
was that the stability of the activity profile groups may have changed over
time but using k-means clustering on the Autumn data precluded analysis
of this. Further, although rigorous analytical processes were followed, the
proportion of missing data and resultant between-imputation variance
were higher than desired, particularly for weekend data. This was
reflected in the wide cluster trajectory confidence intervals, which
indicated a degree of uncertainty in some of the model estimates.
However, had complete case analyses been performed 26% of the weekday
sample and 43% of the weekend sample would have been lost (N = 184
and N = 142, respectively). Moreover, this approach would have reduced
statistical power and increased the likelihood of bias in the analyses
leading to inefficient estimations of model parameters and confidence
intervals (61), thus reducing the validity and reliability of the conclusions
(31). Multiple imputation also necessitated having separate datasets for
weekday and weekend data, which restricted our ability to make true
comparisons between day-type estimates of AvAcc and IG. Lastly,
accelerometer data alone cannot discern the mechanisms responsible for
the observed physical activity trajectories. Aside from school and
participant characteristics, we did not collect any contextual data on
specific environmental or physical activity programming factors which

could have influenced potential changes over the school year.

31



701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

nclusion

This study is the first to report weekday and weekend AvAcc and IG
trajectories across the school year. Weekday but not weekend AvAcc
significantly increased across the school year while IG had relatively stable
trajectories irrespective of weekday or weekend. The results reinforce the
complementary insights provided by studying AvAcc and IG together. The
findings also have implications for children’s physical activity intervention
programming, which should leverage seasonal influences on physical
activity volume (e.g., longer, dryer, warmer days) and consider different
strategies for weekday and weekend days. The weekday and weekend
clusters highlighted the presence of sub-groups characterised by different
physical activity volume and intensity patterns, which may warrant
differentiated intervention approaches, particularly at weekends. Future
research should build on these findings by employing longer-term follow-
ups and investigating contextual factors influencing AvAcc and IG so the
mechanisms of trajectory changes and between-group differences are
better understood. Further, analysis of the longitudinal associations
between AvAcc and IG with health and development outcomes would

provide important insights to guide intervention development.
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AvAcc - average acceleration

BMI - body mass index

EIMD - English indices of multiple deprivation
ENMO - Euclidean norm minus one

FMI - fraction of missing information

FSM - free school meals

IG - intensity gradient

MCID - minimum clinically important difference
MET - metabolic equivalent of task

MVPA - moderate-to-vigorous physical activity
SES - socioeconomic status

UK - United Kingdom

VIF - variance inflation factor
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Additional file 1.docx contains supplementary tables and figures referred

to in the manuscript as follows:
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Table S1. Trajectory models for weekday physical activity volume
and intensity.

Table S2. Interaction trajectory models for weekday physical
activity volume and intensity.

Table S3. Children’s descriptive characteristics and unadjusted
Autumn physical activity outcomes by weekday data clusters.

Table S4. Children’s descriptive characteristics and unadjusted
Autumn physical activity outcomes by weekend data clusters.

Table S5. Cluster trajectory models for weekday physical activity
volume and intensity.

Table S6. Cluster trajectory models for weekend physical activity
volume and intensity.

Table S7. Proportion of ActiGraph and Axivity accelerometers
deployed at each time point.

Table S8. Comparison of demographic variables between children
with and without accelerometer outcomes.

Figure S1. Elbow plot for k-means cluster analysis of weekday
standardised AvAcc and IG.

Figure S2. Elbow plot for k-means cluster analysis of weekend
standardised AvAcc and IG.

Figures S3a-c. MX metrics weekday school year physical activity
profiles for the Most Active (a), Somewhat Active (b), and Least
Active clusters (c).

Figures S4a-c. MX metrics weekend school year physical activity
profiles for the Most Active (a), Active (b), and Least Active clusters

(c).
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References

1.

Fairclough SJ, Clifford L, Brown D, Tyler R. Characteristics of 24-

hour movement behaviours and their associations with mental health in

children and adolescents. J Activity, Sedentary Sleep Behav. 2023;2(1):11.

35



800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

2. Rowlands AV, Edwardson CL, Davies M]J, Khunti K, Harrington DM,
Yates T. Beyond cut-points: accelerometer metrics that capture the
physical activity profile. Med Sci Sports Exerc. 2018;50(6):1323-32.

3. Fairclough SJ, Taylor S, Rowlands AV, Boddy LM, Noonan R].
Average acceleration and intensity gradient of primary school children and
associations with indicators of health and well-being. J Sports Sci.
2019;37(18):2159-67.

4. Rowlands AV, Edwardson CL, Dawkins NP, Maylor BD, Metcalf KM,
Janz KF. Physical Activity for bone health: how much and/or how hard?
Med Sci Sports Exerc. 2020;52(11):2331-41.

5. Fairclough SJ, Rowlands AV, Taylor S, Boddy LM. Cut-point-free
accelerometer metrics to assess children’s physical activity: An example
using the school day. Scand J] Med Sci Sports. 2020;30:117-25.

6. Buchan DS, McLellan G, Donnelly S, Arthur R. The use of the
intensity gradient and average acceleration metrics to explore associations
with BMI z-score in children. J Sports Sci. 2019;37(23):2751-8.

7. Janda D, Gaba A, Vencalek O, Fairclough SJ, Dygryn ], Jakubec L, et
al. A 24-h activity profile and adiposity among children and adolescents:
Does the difference between school and weekend days matter? PLOS ONE.
2023;18(5):€0285952.

8. Brazendale K, Beets MW, Armstrong B, Weaver RG, Hunt ET, Pate
RR, et al. Children’s moderate-to-vigorous physical activity on weekdays
versus weekend days: a multi-country analysis. Int J Behav Nutr Phys

Activity. 2021;18(1):28.

36



824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

9. Brazendale K, Beets MW, Weaver RG, Pate RR, Turner-McGrievy
GM, Kaczynski AT, et al. Understanding differences between summer vs.
school obesogenic behaviors of children: the structured days hypothesis.
Int J Behav Nutr Phys Activity. 2017;14(1):100.

10. Kallio J, Hakonen H, Syvaoja H, Kulmala J, Kankaanpaa A, Ekelund
U, et al. Changes in physical activity and sedentary time during
adolescence: Gender differences during weekdays and weekend days.
Scand ] Med Sci Sports. 2020;30(7):1265-75.

11. Zhang P, Lee JE, Stodden DF, Gao Z. Longitudinal trajectories of
children's physical activity and sedentary behaviors on weekdays and
weekends. ] Phys Act Health. 2019;16(12):1123-8.

12. Telama R, Yang X, Leskinen E, Kankaanpaa A, Hirvensalo M,
Tammelin T, et al. Tracking of physical activity from early childhood
through youth into adulthood. Med Sci Sports Exerc. 2014;46(5):955-62.
13. Atkin AJ, Sharp SJ, Harrison F, Brage S, Van Sluijs EMF. Seasonal
Variation in children’s physical activity and sedentary time. Med Sci Sports
Exerc. 2016;48(3):449-56.

14. Marmot M, Allen JG, Boyce T, Goldblatt P, Morrison J. Health equity
in England: The Marmot Review 10 years on. London: Institute of Health
Equity; 2020.

15. Trilk JL, Pate RR, Pfeiffer KA, Dowda M, Addy CL, Ribisl KM, et al. A
cluster analysis of physical activity and sedentary behavior patterns in
middle school girls. ] Adol Health. 2012;51(3):292-8.

16. Farooq MA, Parkinson KN, Adamson A]J, Pearce MS, Reilly JK,

Hughes AR, et al. Timing of the decline in physical activity in childhood

37



849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

and adolescence: Gateshead Millennium Cohort Study. Br J Sports Med.
2017;52:1002-6.

17. Nagin DS, Odgers CL. Group-based trajectory modeling in clinical
research. Annual Rev Clin Psych. 2010;6:109-38.

18. Weaver RG, Hensing C, Armstrong B, Adams EL, Beets M. Seasonal
Shifts in Children’s Sedentary Behaviors, Physical Activity, and Sleep: A
Systematic Review and meta-Analysis. Ped Clinics North Am.
2022;69(4):671-93.

19. Ministry of Housing, Communities and Local Government. English
Indices of Deprivation 2019. http://imd-by-
postcode.opendatacommunities.org/imd/2019. Accessed 9 June 2020.

20. Department for Education. Schools, pupils and their characteristics
2024. h ://lexplore- ion- isti rvi v.uk/find-
statistics/school-pupils-and-their-characteristics/2022-23. Accessed 1 June
2025.

21. Office for National Statistics. Ethnic group 2022. https://explore-

v.uk/find-

characteristics/2022-23. Acessed 1 June 2025.

22. Cole T, Freeman J, Preece M. Body mass index reference curves for
the UK, 1990. Arch Dis Child. 1995;73(1):25 - 9.

23. Cole T, Bellizzi M, Flegal K, Dietz W. Establishing a standard
definition for child overweight and obesity worldwide: international
survey. Br Med J. 2000;320:1240 - 3.

24. Migueles JH, Rowlands AV, Huber F, Sabia S, Van Hees VT. GGIR: A

research community-driven open source r package for generating physical

38


https://explore-education-statistics.service.gov.uk/find-statistics/school-pupils-and-their-characteristics/2022-23
https://explore-education-statistics.service.gov.uk/find-statistics/school-pupils-and-their-characteristics/2022-23
https://explore-education-statistics.service.gov.uk/find-statistics/school-pupils-and-their-characteristics/2022-23
https://explore-education-statistics.service.gov.uk/find-statistics/school-pupils-and-their-characteristics/2022-23
https://explore-education-statistics.service.gov.uk/find-statistics/school-pupils-and-their-characteristics/2022-23

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

activity and sleep outcomes from multi-day raw accelerometer data. ]
Measurement Phys Behav. 2019;2(188-196).

25. van Hees VT, Fang Z, Langford J, Assah F, Mohammad A, da Silva
IC, et al. Autocalibration of accelerometer data for free-living physical
activity assessment using local gravity and temperature: an evaluation on
four continents. J Appl Physiol. 2014;117(7):738-44.

26. van Hees VT, Gorzelniak L, Le6n EC, Eder M, Pias Mo, Taherian S,
et al. Separating movement and gravity components in an acceleration
signal and implications for the assessment of human daily physical activity.
PLoS ONE. 2013;8(4):e61691.

27. Migueles JH, Cadenas-Sanchez C, Ekelund U, Delisle Nystrom C,
Mora-Gonzalez J, Lof M, et al. accelerometer data collection and
processing criteria to assess physical activity and other outcomes: a
systematic review and practical considerations. Sports Med. 2017:1-25.
28. Rowlands AV, Plekhanova T, Yates T, Mirkes EM, Davies M, Khunti
K, et al. Providing a basis for harmonization of accelerometer-assessed
physical activity outcomes across epidemiological datasets. ] Meas Phys
Behav. 2019;2(3):131-42.

29. Rowlands AV, Sherar LB, Fairclough SJ, Yates T, Edwardson CL,
Harrington DM, et al. A data-driven, meaningful, easy to interpret,
standardised accelerometer outcome variable for global surveillance. J Sci
Med Sport. 2019;22(10):1132-8.

30. wvan Buuren S, Groothuis-Oudshoorn K. mice: Multivariate
imputation by chained equations in R. J Statistical Software. 2011;45(3):1

- 67.

39



899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

31. Woods AD, Gerasimova D, Van Dusen B, Nissen ], Bainter S,
Uzdavines A, et al. Best practices for addressing missing data through
multiple imputation. Infant Child Dev. 2024;33(1):e2407.

32. Cheema JR. A review of missing data handling methods in education
research. Rev Edu Res. 2014;84(4):487-508.

33. Manly CA, Wells RS. Reporting the use of multiple imputation for
missing data in higher education research. Res Higher Ed. 2015;56(4):397-
4009.

34. Bates D, Machler M, Bolker B, Walker S. Fitting linear mixed-effects
models using Ime4. ] Statistical Software. 2015;67(1):48.

35. Fox], Weisberg S. An R Companion to Applied Regression. Thousand
Oaks, CA: Sage; 2019.

36. Scrucca L, Fraley C, Murphy TB, Raftery AE. Model-Based
Clustering, Classification, and Density Estimation Using mclust in R. New
York: Chapman and Hall; 2023.

37. Krijthe J. R wrapper for Van der Maaten's Barnes-Hut
implementation of t-Distributed Stochastic Neighbor Embedding 2019.

https://github.com/jkrijthe/Rtsne. Accessed 1 June 2025.

38. Grund S. mitml: Tools for Mulitple Imputation in Multilevel Modeling
2023. https://cran.r-project.org/web/packages/mitml/index.html. Accessed
1 June 2025.

39. Rowlands AV, Dawkins NP, Maylor B, Edwardson CL, Fairclough S]J,
Davies M], et al. Enhancing the value of accelerometer-assessed physical
activity: meaningful visual comparisons of data-driven translational

accelerometer metrics. Sports Med - Open. 2019;5(1):47.

40


https://github.com/jkrijthe/Rtsne
https://cran.r-project.org/web/packages/mitml/index.html

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

40. Rubin DB. Multiple Imputation for Nonresponse in Surveys. London:
Wiley; 1987.

41. Hildebrand M, Van Hees VT, Hansen BH, Ekelund U. Age-group
comparibility of raw accelerometer output from wrist- and hip-worn
monitors. Med Sci Sports Exerc. 2014;46(9):1816-24.

42. Gallant F, Murray RM, Sabiston CM, Bélanger M. Description of
sport participation profiles and transitions across profiles during
adolescence. ] Sports Sci. 2022;40(16):1824-36.

43. Harrison F, Goodman A, van Sluijs EMF, Andersen LB, Cardon G,
Davey R, et al. Weather and children’s physical activity; how and why do
relationships vary between countries? Int J Behav Nutr PhysActivity.
2017;14(1):74.

44. Wolfe MK, McDonald NC. Association between neighborhood social
environment and children's independent mobility. J Phys Activity Health.
2016;13(9):970-9.

45. Harrison F, Jones AP, Bentham G, van Sluijs EM, Cassidy A, Griffin
S]J. The impact of rainfall and school break time policies on physical activity
in 9-10 year old British children: a repeated measures study. Int ] Behav
Nutr Phys Act. 2011;8:47.

46. Saint-Maurice PF, Bai Y, Vazou S, Welk G. Youth Physical activity
patterns during school and out-of-school time. Children. 2018;5(9).

47. Fearnbach SN, Martin CK, Heymsfield SB, Staiano AE, Newton RL,
Garn AC, et al. Validation of the Activity Preference Assessment: a tool for
quantifying children’s implicit preferences for sedentary and physical

activities. Int. ] Behav Nutr Phys Activity. 2020;17(1):108.

41



949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

48. Brooke HL, Corder K, Atkin AJ, van Sluijs EM. A systematic literature
review with meta-analyses of within- and between-day differences in
objectively measured physical activity in school-aged children. Sports
Med. 2014;44(10):1427-38.

49. Open-Meteo. Historical Weather API 2025. https://open-
meteo.com/en/docs/historical-weather-api. Accessed 1 June 2025.

50. Jago R, Salway R, Lawlor DA, Emm-Collison L, Heron J, Thompson
JL, et al. Profiles of children’s physical activity and sedentary behaviour
between age 6 and 9: a latent profile and transition analysis. Int. ] Behav
Nutr Phys Activity. 2018;15(1):103.

51. PolicyBristol. Getting girls active: Reducing gender inequality in
physical activity 2017 [11/2017]. https://www.bristol.ac.uk/media-
library/sites/policybristol/briefings-and-reports-pdfs/pre-2017-briefings--
reports-pdfs/PolicyBristol Report June 2017 Getting Girls Active.pdf.
Accessed 1 May 2025.

52. Coen SE, A. MC, Suzanne T, and Gilliland JA. ‘I like the “outernet”
stuff:’ girls’ perspectives on physical activity and their environments. Qual
Res Sport Exerc Health. 2019;11(5):599-617.

53. Jago R, Salway R, House D, Beets M, Lubans DR, Woods C, et al.
Rethinking children’s physical activity interventions at school: A new
context-specific approach. Front Public Health. 2023;11.

54. Rowlands AV, Davies M, Dempsey P, Edwardson C, Razieh C, Yates
T. Wrist-worn accelerometers: recommending ~1.0 mg as the minimum
clinically important difference (MCID) in daily average acceleration for

inactive adults. Br J Sports Med. 2021;55(14):814-5.

42


https://open-meteo.com/en/docs/historical-weather-api
https://open-meteo.com/en/docs/historical-weather-api

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

989

990

991

992

993

994

995

996

997

998

55. Department of Health and Human Services. Physical Activity
Guidelines for Americans, 2nd Edition. Washington, DC: DHHS; 2018.

56. Yates T, Haffner SM, Schulte P]J, Thomas L, Huffman KM, Bales CW,
et al. Association between change in daily ambulatory activity and
cardiovascular events in people with impaired glucose tolerance
(NAVIGATOR trial): a cohort analysis. The Lancet. 2014;383(9922):1059-
66.

57. Boddy LM, Rowlands AV, del Pozo Cruz B, Taylor SL, Noonan R]J,
Hurter L, et al. Physical activity volume and intensity for healthy body
mass index and cardiorespiratory fitness: enhancing the translation of
children's and adolescents' accelerometer physical activity reference
values. Scand ] Med Sci Sports. 2025;35(8):e70118.

58. Fairclough SJ, Hurter L, Dumuid D, Gdba A, Rowlands AV, Cruz BdP,
et al. The physical behaviour intensity spectrum and body mass index in
school-aged youth: a compositional analysis of pooled individual
participant data. Int J Env Res Public Health. 2022;19(14):8778.

59. Ahmadi MN, Hamer M, Gill JMR, Murphy M, Sanders JP, Doherty A,
et al. Brief bouts of device-measured intermittent lifestyle physical activity
and its association with major adverse cardiovascular events and mortality
in people who do not exercise: a prospective cohort study. Lancet Public
Health. 2023;8(10):e800-e10.

60. Stamatakis E, Huang B-H, Maher C, Thagersen-Ntoumani C, Stathi
A, Dempsey PC, et al. Untapping the health enhancing potential of
vigorous intermittent lifestyle physical activity (VILPA): Rationale, scoping

review, and a 4-pillar research framework. Sports Medicine. 2020.

43



999 61. Baraldi AN, Enders CK. An introduction to modern missing data

1000 analyses. J Sch Psychol. 2010;48(1):5-37.

44



M2

M30

Time point
[ Autumn
[[] winter/Spring
[ "] summer

M15

— — — — MPA threshold

-------- VPA threshold

M5 M10

2b

M

M5

M10

M30

M15












A I
A Eﬂﬁ%% CCE

e o] | T L




Table 1. Participants’ descriptive characteristics and unadjusted Autumn physical
activity outcomes (Mean (SD) unless otherwise stated)

Variable

All (N=249)

Boys (n=121)

Girls (n=128)

Age (y)

Height (cm)

Weight (kg)

BMI (kg[Jm2)

BMIz

Weight status
Normal weight (%)
Overweight/obese

(%)

FSM eligibility (%)

EIMD rank

Ethnicity

White/White
British (%)

Mixed ethnicity (%)

Asian/Asian British
(%)

Other ethnicity (%)
Physical activity
outcomes

Number of valid

weekdays

Weekday wear time

(min[]day1)

Weekday AvAcc

(mg)

8.70 (0.42)
132.43 (5.91)
31.29 (6.86)
17.72 (3.01)

0.35 (1.09)

72.17

27.83

16.87

14865.39

(1015.62)

78.31

3.61

17.67

0.40

4.41 (0.94)

1363.81
(108.97)

46.89 (10.86)

8.71 (0.43)
133.09 (5.77)
31.28 (6.47)
17.55 (2.84)

0.60 (1.14)

75.92

24.08

14.88

14346.12 (1018.51)

79.34

2.48

18.18

0.00

4.29 (1.0)

1355.82 (105.91)

51.12 (10.78)

8.69 (0.42)
131.81 (5.99)
31.29 (7.24)
17.88 (3.16)

0.12 (0.99)

68.62

31.38

18.75

15356.27 (1015.38)

77.34

4.69

17.19

0.78

4.52 (0.88)

1371.36 (111.29)

42.89 (9.36)



Weekday IG -2.08 (0.14) -2.03 (0.12) -2.14 (0.13)
Number of valid 1.57 (0.77) 1.48 (0.80) 1.65 (0.73)

weekend days

Weekend wear 1351.40 1335.79 (149.73) 1366.15 (129.61)

time (min[Jday1) (140.48)

Weekend AvAcc 43.60 (19.49) 45.60 (20.34) 41.70 (18.49)
(mg)

Weekend IG -2.18 (0.18) -2.15(0.18) -2.20 (0.17)

Legend. BMI = body mass index, FSM = free-school meals, EIMD = English Indices of
Multiple Deprivation, min = minutes, AvAcc = average acceleration, mg =
milligravitational unit, IG = intensity gradient



