Additional File 3. Supplementary methods

Physical activity measures

Self-reported PA was used to characterise baseline PA levels of the sample. PA in the past week was assessed using a single item (1) asking: “In the past week, on how many days have you done a total of 60 minutes or more of physical activity, which was enough to raise your breathing rate? This may include sport, exercise, and brisk walking or cycling for fun, or to get to and from places.” (range 0 - 7). Habitual PA over the past six months was measured with a single item drawn from previous studies (2): “Thinking about the past six months, how often have you been physically active for an hour every day during a typical week in school term?" (1 = never to 7 = always).

Cognitive assessments

Reaction time task
During the task, participants were instructed to respond as quickly as possible (pressing the spacebar) to the presentation of a triangle on the screen (40 trials). Responses between 100-3,000 ms were considered valid.

Relational memory task. 
In the task, participants were presented with two blocks of 18 study trials (i.e. events) containing scene, face and object stimuli. Within each trial, each type of stimulus was presented individually and sequentially (1,300 ms). Participants were instructed to memorise the stimuli within each trial as belonging to a single event. During the recognition phase, participants were shown 36 test trials, each containing a place, object and face stimulus, half of which were intact (i.e. the stimuli appeared in the same study trial). Participants were instructed to indicate whether all stimuli were from the same even, or whether one of the stimuli did not belong to the event. Responses within 200-15,000 ms were considered valid.

Modified flanker task
Participants were instructed to respond as quickly and accurately as possible to the direction of a centrally presented target arrow, which was flanked by arrows that were either in the same direction (i.e. congruent) or opposite direction (i.e. incongruent) to the centrally presented target arrow. The task consisted of two blocks of 52 trials each and responses within 200-1,400 ms were considered valid. Accuracy and average reaction times on congruent and incongruent valid trials were recorded. 

Visual two-back 
Participants were shown pseudorandom sequences of weather symbols (i.e. sun, moon, rainbow, snowflake and star), and instructed to identify as quickly and accurately as possible whether the stimulus on the current trial was identical to the one presented two trials ago. The task consisted of two blocks of 26 trials each and responses within 150-2,500 ms were considered valid. The accuracy and average reaction time on valid trials were recorded.

Colour-shape switching task
Participants were instructed to learn a set of response actions that were related to the colour or shape of a centrally presented character: press the “F” key if the character was blue or a circle and the “J” key if the character was green or square. The direction of the character’s arms indicated whether to pay attention to its shape or colour. During homogeneous blocks (2 blocks of 32 trials), participants had to pay attention to either the colour or the shape. During heterogeneous blocks (2 blocks of 64 trials), participants had to flexibly shift their attention towards either the character’s shape or colour based on the direction of the character’s arms. The direction of the character’s arms switched every two trials, giving rise to switch trials and non-switch trials. Responses within 200-6,000 ms were considered valid. Accuracy and average reaction times on switch and non-switch trials were recorded.

Actigraphy during PE

Objective measures of PA during PE were collected using wrist-worn AX3 tri-axial accelerometers (Open Lab, University of Newcastle, UK). Participants wore the accelerometer on their non-dominant wrist. Accelerometers were set to record at 100 Hz and were attached after participants changed for PE and collected before they changed back into school clothes. Following conversion of raw accelerometer data into 1 s epochs, class average minutes of sedentary PA (SPA), moderate PA (MPA) and vigorous PA (VPA) during lesson time were calculated using established cut-points (3) and standardised to minutes per hour. We computed the full lesson PA estimates as well as the active, or “effective”, PA estimates. The former represents PA estimates standardized to total time allocated for PE and the latter represent the amount of PA adjusted for change time. 

Data cleaning

Cognitive assessments
Cognitive data were cleaned per assessment. For each assessment, we identified participants with fewer than 30% valid trials (i.e. out of the total number of trials), under the assumption that a proportion (>30%) of trials is required to achieve a reliable estimate of each cognitive construct. Furthermore, for the relational memory and visual two-back task, we identified participants who consistently pressed a single response button throughout the task, as indicated by zero counts for false alarms and hits, or by zero counts for misses and correct rejections. We additionally inspected the primary outcome measures of each task and removed participants with values that were outside the expected range (i.e. 0-100 for accuracy outcomes, and mean RT outside the pre-defined RT bounds, see cognitive performance section above) or were missing due to data collection errors.  

Questionnaire assessments
Questionnaire measures included in this study were part of a larger battery that consisted of three blocks Likert-scale based items. Long strings of identical answers (i.e. same position on the scale) within a block, accounting for reversed items, were identified. The mean string length (MSL) per block was computed, and data were removed if participants gave the same answer throughout a block and recorded a string of MSL+/- 3SD in at least one more block. In addition, we removed participant scores that were outside the range of individual items (e.g. score > 5 on 5-point Likert scale) due to data collection errors. 

Fitness assessments
Schools that completed the 12min Cooper Run test (n = 4, of which 1 intervention school; 561 pupils) were excluded from the analysis. Due to the difference in scale and units of the outcome measures (20MSR: laps versus Cooper: total distance), the scores of these tests cannot easily be combined. Classically, researchers have used estimating equations to convert 20MSR (4–9) and Cooper Test performance(10,11) to estimated VO2max values. While the conversion to a common metric is attractive, we decided not to pursue this because: (1) a large number of estimating equations exist, particularly for 20MSR performance (>17) but selecting one that is appropriate for the Fit to Study sample is not straightforward. Depending on the fitness protocol used, these equations vary in their predictors, most commonly including one or more of sex, age, speed or body weight, and more generally in their accuracy of predicting VO2max (5,6). Second, estimating equations may underestimate (11,12) or overestimate (13) an individual's real VO2max. This is particularly problematic if the degree of under / over estimation differs between the Cooper test and 20MSR. A comparison of estimated VO2max values from 20MSR and the Cooper test in healthy adults demonstrated that, although 20MSR underestimated an individual's level of cardiorespiratory fitness, the converted Cooper test results were biased: underestimation of VO2max values in low fit individuals and overestimation of VO2max in high fit individuals (12). Therefore, the 20MSR results were treated as the main measure of cardiorespiratory fitness.


Minimum detectable effect size

Sample size calculations were performed by NatCen for the primary intention-to-treat analysis, which compared maths test performance between intervention and control schools (14). The initial sample size calculation demonstrated a range of minimum detectable effect sizes (MDES) varying between 0.18-0.26 for various achieved sample sizes (80-100 schools), assuming 80% power, alpha=0.05 (two-tailed), 90 pupils per school and baseline covariates explaining 50% of variance at pupil and school level. These estimates were updated (in February- March 2018) to reflect school drop-out (n = 18 schools) and a revised set of assumptions (15). In particular, the new MDES were computed based on: 88 participating schools (47% intervention), on average 78 pupils per school, baseline covariates explaining 40% of pupil level variance and 10% of school level variance and an ICC of 0.16. The newly computed MDES was equal to 0.24 standard deviations. The MDES would have been 0.21 standard deviations if all 106 recruited schools had participated in the trial. At the final analysis stage, the MDES was calculated to be 0.22 SD (16). Power calculations were performed in PowerUp! (17). No a priori sample size calculations were performed for the secondary outcomes, but an indication of the MDES is provided below. 

The MDES for the cognitive tests was calculated for the randomisation sample using the following set of assumptions: (1) 104 schools, 50% of which in the intervention group, (2) an average of 176 pupils per school (N = 18,261), (3) baseline covariates explaining 40% of pupil level variance and 10% of school level variance (based on NatCen's adjusted estimates), (4) an ICC of 0.02, following a previous study measuring executive functions in a comparable sample (18) and (5) 80% power with alpha=0.05 (two-tailed). Under these assumptions MDES was 0.07 SD (95% CI: 0.027-0.16; it would be 0.15 SD, 95% CI: 0.045-0.12, if the ICC was 0.06 (19)). With a similar set of assumptions and an ICC = 0.25 (NB. teacher-rated; (20)), the MDES for the SDQ of the questionnaire was 0.23 SD. For cardiorespiratory fitness, the MDES was 0.08 SD with a similar set of assumptions and an ICC = 0.03 (21). Notably, the trial was not designed to measure or affect cognitive or mental health scores (being secondary measures), hence this MDES solely serves as an a-posteriori indication of a possible detectable effect size under this particular set of assumptions. The MDES for the secondary outcomes was not updated a-posteriori, given the differential amounts of missingness across outcome measures and the lack of intervention fidelity of the trial.

CACE analysis

The ITT analysis will provide a conservative (or underestimated) treatment effect when schools do not adhere to the intervention (22). We therefore estimated a complier average causal effect (CACE, or local average causal effect, LATE) to estimate the average treatment effect in the population of compliers. The CACE was estimated under one-sided non-compliance, by fitting an instrumental variable (IV) model using the two-stage least squares method. The IV model included the assigned treatment as the instrumental variable and adjusted for the stratification variable (school gender type) and baseline values of the respective outcome measure. In line with the analysis of the primary outcome (16), we used the compliance estimates of the post-intervention teacher-reported school survey as primary compliance metric. A total of 22 intervention schools (of 29 at posttest) provided compliance information. Intervention schools in which the intervention was delivered in > 50% of PE lessons were classified as compliant. Schools that did not provide compliance data were assumed to be non-compliant. The control group was included in the IV model with their treatment received set to 0. 

Missing data

Primary analysis
Pupils with missing outcome data were more likely to be male, from a lower socioeconomic background (i.e. eFSM) and to have completed the baseline assessments at school (p < 0.05). Moreover, for each assessment, pupils with more favourable outcomes at baseline were less likely to have missing outcome data. School-level variables did not significantly predict school drop-out (p > 0.05).

[bookmark: _GoBack]The dataset was multiply imputed (m = 180 imputations, determined using a recently proposed two-stage procedure (23)) using multilevel multiple imputation by chained equations (MICE) in R. The imputation model included all variables that were part of the analysis model, as well as any variables that were associated (r > 0.4) with variables in those models or related with missingness in variables in the analysis model (24,25). Models that contained all cognitive assessment date variables (i.e. when assessments were conducted) at post-test resulted in errors. Given that (1) only 37 participants (of 6,174) completed a cognitive assessment during summer or autumn term at posttest, and (2) the reaction time task was always completed first, we therefore decided to only include the variable indicating when the reaction time task was completed. An overview of all variables included in the imputation model is provided in Additional File 4 (Table 3). Moreover, due to computational issues, we removed some variables from the final set of imputation models, reported in Additional file 4 (Table 4). 

Continuous variables were imputed using a two-level normal model with homogeneous within group variances (PAN) and categorical variables using two-level predictive mean matching. The data was imputed separately by treatment group to allow group-specific covariance structures, thereby preserving all two-way interactions between the treatment group and other variables in the imputation model (26). The imputations were visually checked for convergence and estimates were pooled using Rubin’s rules (27). 

CACE analysis
We separately imputed the data for the complier average causal effect (CACE) analysis, given the large amount of missingness in the fidelity measure. The imputation models were identical to the ones included in the primary multiple imputation analysis, with the addition of a compliance indicator. Intervention schools in which the intervention was delivered in > 50% of PE lessons were classified as compliant and all other schools were classified as non-compliant (i.e. not receiving the active intervention). We opted to multiply impute the data for the CACE analysis separately for several reasons: (1) the compliance measure that was used for the CACE analysis was missing for 24 out of 46 (i.e. 52%) intervention schools, that were assumed to be non-compliant with the intervention, and (2) the measure was deemed a proxy of compliance, given that it was reported by teachers following the intervention period, making it subject to various forms of bias (e.g. recall bias). 

Software

The majority of the analyses were conducted in Rstudio (28) with R ((29), version 4.0) using the estimatr package (30). Plots were created using ggplot2 (31). Missing data was imputed using MICE (32) on the high-performance cluster of the Wellcome Centre for Integrative Neuroimaging, Oxford UK (R, version 3.6). The structural equation model was constructed using Mplus 8.4 (33). 
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