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Sampling and recruitment
Participants were 249 children aged 8-9 years (51.4% girls) who attended seven primary schools in Pennine Lancashire, northwest England, which were located in areas of varying deprivation (median English Indices of Multiple Deprivation (EIMD) decile = 5 (1)). School enrolment varied between 206 and 446 children (mean school enrolment = 296 children), of which 22.2% were eligible for free-school meals (FSM) which is similar to the average in the region (24.2%) (2). Schools were recruited through the Together an Active Future (taaf.co.uk) ‘Ready, Set, Move’ active schools network in Pennine Lancashire. Consent materials approved by Edge Hill University’s Science Research Ethics Committee (#ETH2324-011) were distributed to all Year 4 children (aged 7-8-years) in the seven schools (N=305), with signed informed parent/carer consent and child assent provided for N=249 children (81.6% participation rate). 

Missing data
Preliminary analysis of valid accelerometer wear at each data collection time point was conducted because device non-wear was anticipated to be the most likely cause of data attrition. Accelerometer wear time criteria were achieved by 185/249 (Autumn 2023), 138/249 (Winter/Spring 2024), and 151/249 (Summer 2024), which reflected 25.7%, 44.6%, and 39.4% attrition, respectively (36.5% overall). Preliminary visual inspection of the distribution and patterns of missing data were initially undertaken. Next, binary logistic regression evaluated the assumption that the data were Missing at Random (MAR), with missingness as the outcome (1 = missing accelerometer data) and age, sex, ethnicity, FSM eligibility, and BMIz as predictors. Age was the only significant predictor of missingness (OR=3.64, 95%CI=1.71, 8.24, p=.001; (Additional File 1, Table 2)). As age was recorded for all participants and was included as a predictor in the subsequent imputation model, this pattern of missingness is consistent with the data being MAR (3). We therefore proceeded with the assumption that the data were MAR and used the mice R package v. 3.17.0 (4) to perform multiple imputation by chained equations to replace missing values. Multiple imputation minimises the impact of incomplete data or non-response bias by using available information about study participants to adjust parameter estimates, which can be subject to biases when data are missing (5). Hence, multiple imputation can estimate what results would look like with complete observations while allowing for representation of uncertainty in the results and maximising a dataset's statistical power (6). Fraction of missing information (FMI) was 27% for all PA outcomes. Following recommendations to set imputations ≥100 times the highest FMI (7), 27 imputations were generated using predictive mean matching and proportional odds logistic regression methods, accounting for school-level clustering. Convergence was confirmed via trace plots, density plots, and descriptive statistics resulting in a fully converged imputed school day dataset. All subsequent analyses were performed on the 27 multiply imputed datasets with results pooled using Rubin’s Rules (8). 
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