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The intervention is called the Inspiring Futures Educate Mentoring Programme, which builds
on the YEF pilot results that we published in 2023 (Wong et al., 2023). It is a cluster
randomised controlled trial targeting young people recruited through schools. It targets
young people aged 12-14 with an initial interest in sports and a record of poor behaviour
and/or attendance. Mentoring programmes have shown to positively impact outcomes which
are often associated with later involvement in violence (e.g., substance misuse, behavioural
difficulties, educational outcomes, social connects, and emotional health) (Gaffney et al.,
2023). Having a mentor can reduce the likelihood of offending by providing a positive role
model.

The intervention consists of 12 weekly mentoring sessions over three months, delivered by
the Rugby Football League, Foundation Delivery Partners, and delivery service Upshot. These
sessions are delivered face-to-face, and they encompass personal wellbeing, collaboration
and leadership. The aims of the sessions are:

e To build resilience, self-confidence and character in young people.

e To support positive choices and enable young people to engage positively with
society.

e To improve critical thinking skills.

e To provide a healthy, stable, supportive framework at home and school.

The key mechanism of change is to use the sports element to encourage young people to
develop an interest in rugby and a trusted relationship with their mentor. Having built a
trusted relationship, mentors can provide emotional and social support to young people.

The intervention's outcomes are to address behavioural difficulties, including internalising
and externalising behaviours and pro-social behaviour and wellbeing. Educational outcomes,
such as attendance and attainment, are also expected to improve.

The programme will be evaluated through an efficacy, two-arm, cluster-randomised
controlled trial (cRCT) with random allocation at the school level. Every school that signs up
to participate in the trial will have an equal probability (50%) of being assigned to the
treatment or control group. In addition, the trial is complemented by an Implementation and
Process Evaluation (IPE).

The Implementation and Process Evaluation involves in-depth interviews with RFL coaches
and case studies. The in-depth interviews aim to assess the extent to which the intervention
is implemented as intended throughout the school, ensuring fidelity to the intervention's
principles. The case studies will include in-depth interviews with staff members and students



and focus groups with students. The focus group aims to explore how the programme has
been delivered within a particular school, including what has worked well or less well, staff's
perception of the intervention, and factors affecting the implementation.

This efficacy trial employs a two-arm cluster randomised controlled design with schools as
the unit of randomisation. The trial targets students aged 12-14 (Years 8 and 9) within schools.
Students screened for inclusion and aged 12-14 in schools allocated to the intervention form
the intervention group and receive the rugby-based mentoring programme, whilst students
aged 12-14 screened for inclusion in the programme but in schools randomised to control the
control group and continue with business as usual.

The trial is being implemented in two waves:

e Wave One: Baseline data collection occurred in November-December 2024, with
randomisation in December 2024. The intervention ran from January to mid-April
2025, with follow-up measurements scheduled for June 2025.

e Wave Two: Baseline data collection began in March 2025 and continues through April
2025, with randomisation planned for April 2025. The intervention will run from May
to July 2025, with follow-up measurements from September to October 2025.

Randomisation was stratified by foundation only, rather than by both foundation and FSM6
as initially planned, to prevent empty stratification cells?.

The primary outcome is externalising behaviour, measured using the Strengths and
Difficulties Questionnaire (SDQ) combined conduct and hyperactivity scales. Secondary
outcomes include internalising behaviour, pro-social behaviour, wellbeing, school exclusions,
absences, and physical activity. These are measured through surveys and administrative data.

Eligible schools must have pupils in Years 8 and 9, and must not be fee-paying, alternative
provision, special schools with a "SEMH" focus, or participating in another randomised trial.
These criteria ensure generalisability and prevent contamination from other interventions.

2 Empty cells would occur if all schools within a particular foundation fell into the same FSM6 category (either
all above or all below the median). This was a realistic concern as some foundations had very few participating
schools (as few as 2-4 schools). For example, if a foundation with only two schools had both schools above the
FSM6 median, this would create an empty cell in the "below median" category for that foundation, potentially
compromising the randomisation balance. The stratification approach is discussed further in the Imbalance at
baseline section.



Table 1 summarises the trial design, including details of the outcome measures.

Table 1 Summary of trial design

Trial design, including number of arms

Unit of randomisation

Stratification variables

(if applicable)

variable
Primary

outcome measure (instrument,
scale, source)

variable(s)

Secondary
outcome(s)

measure(s)

(instrument, scale,
source)

Two-arm, cluster-randomised

Cluster (school)

11 Foundations

Behavioural difficulties

Externalising behaviour: SDQ - combined conduct and
hyperactivity scales (0-20) - survey

Internalising behaviour

Pro-social behaviour

Children's wellbeing

Number of temporary exclusions
Number of unauthorised absences
Number of authorised absences

Amount of physical activity

Internalising behaviour: SDQ — combined emotional problems
and peer problems scales (0-20) - survey

Pro-social behaviour: SDQ — Pro-social behaviour scale (0-10) -
survey

Children's wellbeing:  Short Warwick Edinburgh Mental
Wellbeing Scale — survey

Number of temporary exclusions: Termly number of fixed-
term exclusion events - Administrative data (NPD)

Number of unauthorised absences: Termly number -
Administrative data (NPD)




variable
Baseline for
primary

outcome measure (instrument,

scale, source)

variable

measure (instrument,

Baseline for scale, source)

secondary

outcome

Number of authorised absences: Termly number -
Administrative data (NPD)

Amount of physical activity: Self-reported question (0-7) -
survey

Behavioural difficulties

Externalising behaviour: SDQ — combined conduct and
hyperactivity scales (0-20) - survey

Internalising behaviour

Pro-social behaviour

Children's wellbeing

Number of temporary exclusions
Number of unauthorised absences
Number of authorised absences

Amount of physical activity

Internalising behaviour: SDQ — combined emotional problems
and peer problems scales (0-20) - survey

Pro-social behaviour: SDQ — Pro-social behaviour scale (0-10) -
survey

Children's wellbeing:  Short Warwick Edinburgh Mental
Wellbeing Scale — survey

Number of temporary exclusions: Termly number of fixed-
term exclusion events - Administrative data (NPD)

Number of unauthorised absences: Termly number -
Administrative data (NPD)

Number of authorised absences: Termly number -
Administrative data (NPD)

Amount of physical activity: Self-reported question (0-7) -
survey

3 Sample size calculations overview




Table 2 summarises the sample size calculation, including the main parameters.

Sample size calculations were conducted using PowerUp software (Dong & Maynard, 2013),
which implements optimal design procedures for multilevel randomised trials. Our
calculations are based on a two-level random effects model accounting for the clustered
nature of our data, with students (level 1) nested within schools (level 2).

The model assumes random assignment at the school level with baseline covariates included
to improve precision. PowerUp's cluster randomised trial function was used to determine the
minimum detectable effect size under our specified design parameters.

We determined our sample size requirements a priori through power calculations conducted
during the co-design phase rather than being driven by practical constraints. Our sample size
estimation aims to balance statistical robustness with practical implementation. The pilot
study provided valuable insights on key parameters, including an intracluster correlation (ICC)
of 0.10 for the Strengths and Difficulties Questionnaire (SDQ). However, our power
calculations use more conservative assumptions based on analysis of comparable educational
datasets by our statistical advisors.

We developed two scenarios using standard parameters of 0.05 alpha level, 80% power, and
two-sided testing. Scenario 1 uses more conservative assumptions with pre-post correlation
of 0.52 (R?=0.27), closer to pilot study findings. Scenario 2 uses correlation of 0.63 (R = 0.40)
based on analysis of comparable datasets by our statistical advisors, representing improved
measurement precision expected in the full trial. The higher correlation in Scenario 2 aligns
with established SDQ test-retest reliability in school settings ranging from 0.40-0.81 (Stone
et al,, 2015; Turi et al., 2011).

Scenario 1 represents our primary scenario (102 schools, correlation 0.52) assuming 100%
school retention to detect an effect size of 0.20. Scenario 2 provides a more conservative
approach accounting for school attrition (114 schools, correlation 0.63), assuming 90% school
retention. We adopted Scenario 2 to ensure adequate power despite potential attrition,
achieving an MDES of 0.175.

The cluster design follows this structure: we aim to recruit 12 students per school across 114
schools, totalling 1,368 students. PowerUp calculations use the recruited sample of 1,254
students (accounting for some recruitment variation), with 73% expected retention built into
the statistical model. This approach yields an MDES of 0.175 whilst accounting for both
clustering effects and anticipated attrition.

Table 2 also shows the achieved MDES at baseline after randomisation pooling together all
waves. The combined waves column presents the achieved power calculations based on our
actual baseline sample of 1,133 participants across 99 schools. The observed intracluster
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correlation for our primary outcome (0.18) is higher than assumed (0.10), reducing statistical
power and resulting in an MDES of 0.221. However, ICCs for secondary outcomes remain far
below 0.10, suggesting more favourable power for these analyses. This calculation maintains
the assumed pre-post correlation of 0.63, which is a conservative estimate and remains to be
confirmed at follow-up. The final statistical power will depend on both the actual pre-post
correlation achieved and the eventual follow-up sample size.

Table 2 Sample size calculations

Protocol Protocol Randomisation

Scenario 1 Scenario 2 Combined waves

Minimum Detectable Effect Size (MDES)

level 1 (participant)
Pre-test/ post-test

correlations

level 2 (cluster)

level 1 (participant)
Intracluster

correlations (ICCs)
level 2 (cluster)

Alpha®

One-sided or two-sided?

Average cluster size

intervention

3 This is still an assumption
4Same as above

5 Please adjust as necessary for trials with multiple primary outcomes, 3-arm trials etc. when a Bonferroni correction is used
to account for family-wise errors.



Protocol Protocol Randomisation

Scenario 1 Scenario 2 Combined waves

Number of

clusters®

intervention

Number of
control

participants

total

4 Analysis

The analytical approach was determined prior to baseline data collection. Stata© syntax is
provided at the conclusion of this section for transparency. We will employ an intention-to-
treat (ITT) framework, analysing all available data while maintaining participants in their
originally assigned groups. Our analysis will address the research questions below.

Primary research question

e ERQ1: What is the mean difference in externalising behaviour, measured by the
Strengths and Difficulties Questionnaire (SDQ) subdomains of Conduct Problems and
Hyperactivity, between CYP in intervention settings receiving RFL mentoring and CYP
in control settings receiving business-as-usual at follow-up?

Secondary research questions

e ERQ2: What is the mean difference in internalising behaviours, measured by the
Strengths and Difficulties Questionnaire (SDQ) subdomains of Emotional Problems
and Peer Problems, between CYP in intervention settings receiving RFL mentoring and
CYP in control settings receiving business-as-usual at follow-up?

6 please adjust as necessary e.g., for trials that are randomised at the setting, practitioner or participant level.
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ERQ3: What is the mean difference in pro-social behaviours, measured by the
Strengths and Difficulties Questionnaire (SDQ) subdomain of Pro-social behaviour,
between CYP in intervention settings receiving RFL mentoring and CYP in control
settings receiving business-as-usual at follow-up?

ERQ4: What is the mean difference in wellbeing, measured by the Short Warwick
Edinburgh Wellbeing Scale (SWEMWABS), between CYP in intervention settings
receiving RFL mentoring and CYP in control settings receiving business-as-usual at
follow-up?

ERQ5: What is the mean difference in the percentage of temporary exclusions
before/during/after the intervention term between CYP in intervention settings
receiving RFL mentoring and CYP in control settings receiving business-as-usual at
follow-up?

ERQ6: What is the mean difference in the percentage of authorised absences
before/during/after the intervention term between CYP in intervention settings
receiving RFL mentoring and CYP in control settings receiving business-as-usual at
follow-up?

ERQ7: What is the mean difference in the percentage of unauthorised absences
before/during/after the intervention term between CYP in intervention settings
receiving RFL mentoring and CYP in control settings receiving business-as-usual at
follow-up?

ERQ8: What is the difference in the number of days Children and Young People (CYP)
have engaged in physical activity for at least 30 minutes, sufficient to elevate
breathing rate, between CYP in intervention settings receiving RFL mentoring and CYP
in control settings receiving business-as-usual at follow-up?

As evidence suggests, the distribution of the Conduct Problems and Hyperactivity subscale of

the SDQ is normally distributed (Caldwell et al., 2021); thus, the primary analysis will take the

form of a multilevel model with random effects at the school level, considering pupils are

nested within schools and this may introduce variation. The model will include the binary

treatment variable and be adjusted for baseline stratification covariates and the baseline

value of the outcome.

We are employing a random-effects approach to model the cluster-level effects at the school

level in our trial. This approach allows us to treat schools as random samples from a broader

population, enabling the generalizability of our findings beyond just the sampled schools.

Moreover, the random-effects model incorporates partial pooling or shrinkage, which can
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lead to better predictions of school-level effects compared to a fixed-effects approach.
Crucially, with a sufficient number of school clusters (more than 10 or 20) in our sample, we
can reliably estimate the between-cluster variance and make valid inferences about the
variability of school-level effects, providing insights into the impact of school-level factors on
the outcome of interest (Rabe-Hesketh & Skrondal, 2008).

All outcomes are analysed at the individual level using multilevel modelling. Table 3 sets out
the statistical analysis for each outcome by level.

Table 3 Statistical analysis by outcome

Primary outcome Multilevel model Pre-treatment scores of

_ o outcomes
Behavioural difficulties

Demographic factors (sex, age)

Secondary outcomes Multilevel model Pre-treatment scores of

o _ outcomes
Internalising behaviour

Demographic factors (sex, age)
Pro-social behaviour
Children's wellbeing

Number of temporary exclusions

Number of unauthorised
absences

Number of authorised absences

Amount of physical activity

The syntax in Stata© for a fully adjusted model would be as below, using the 'mixed'
command:

mixed post-treatment_outcome RFL baseline_outcome sex age wave foundation]|
school_id, reml
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The primary outcome combines the Conduct Problems and Hyperactivity sub-scales of the
Strengths and Difficulties Questionnaire (SDQ) to measure externalising behaviours.

We will use a two-level multilevel model to account for clustering in our data, where pupils
are nested within schools. This approach treats participating schools as a random sample
from the broader school population. Multilevel models effectively handle hierarchical data
structures and properly account for variation both within schools (among pupils) and
between schools. These models capture complex sources of variation across multiple levels
of the hierarchy (Bosker & Snijders, 2011).

The two-level random-intercept model is described by:

Yij = Bo + B1RFL; + B,Baseline;; + BsWave; + ByStrat; + uj + &;

e YVj;is the outcome for pupil i in school j

® RFL;is abinary variable indicating intervention (1) or control (0) assignment

e Baseline;; represents pupil-level pre-test covariates

e Wave; is a binary revealing whether the school was in the first or second wave of the
trial

e Strat; is a variable capturing the strata within which schools were randomised,
namely, foundations

e u; are the school-level residuals [uj ~ N(O, o?u)]

e ¢ are the individual-level residuals [eij ~ N(O, o%e)]

This model includes a random intercept where p; corresponds to the school-level intercept
for schoolj. The total variance splits into between-school variance and within-school variance.
The intervention effect is captured by £3;.

In this trial, we specified one primary and several secondary outcomes. While adjusting for
multiple testing can reduce type | error risk (false positives), it increases type Il error risk
(missed effects). Given our clear distinction between primary and secondary outcomes, strict
adjustment for multiple testing may be unnecessary. We will discuss our findings carefully in
the final report, considering the context of multiple outcomes and balancing type | and type
Il error risks. This approach recognises that avoiding false positives should not prevent
identifying genuine effects (Zhang et al., 1997).
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The remaining secondary outcomes at the pupil levels follow the same equation as above.

Absence and exclusion outcomes will be measured at termly level to align with the 12-week
intervention period. We will compare treatment and control groups before, during and after
the intervention term.

Our subgroup analysis follows a pre-specified approach established in the protocol before
data collection began. We will explore differential effects across three key subgroups: sex,
ethnicity, and FSM status. Sex will be coded as a binary variable (male/female). FSM status
will be binary (eligible/not eligible). For ethnicity, we will present effect estimates and
confidence intervals for all ethnic groups with sufficient sample sizes (n>30), recognising that
smaller groups will have limited power for detecting effects. We will avoid artificial binary
categorisations of ethnicity that may not reflect meaningful distinctions in our sample.

We acknowledge that subgroup analyses will be underpowered compared to our main
analysis. These analyses are exploratory and will require cautious interpretation, particularly
for smaller subgroups. Effect size estimates will be presented with wide confidence intervals,
and we will emphasise the preliminary nature of any subgroup findings.

For each subgroup, we will employ two complementary analytical strategies. First, we will run
separate multilevel regression models for each subgroup (e.g., separate models for boys and
girls). This approach provides straightforward estimates of intervention effects within each
group but does not directly test for differences between groups.

Second, we will run multilevel models with interaction terms between the treatment
indicator and subgroup variables. This strategy formally tests whether intervention effects
differ significantly between subgroups (e.g., whether the programme works differently for
boys versus girls).

Additionally, we will conduct exploratory latent class analysis using baseline SDQ subscale
scores (conduct problems, hyperactivity, emotional symptoms, peer problems, and prosocial
behaviour) from all participants to identify naturally occurring behavioural profiles. We will
apply this classification to analyse intervention effects on our primary outcome (behavioural
difficulties) and key secondary outcomes (internalising behaviour and wellbeing), as these
align most closely with the baseline behavioural patterns used to create the classes.

This approach is theoretically motivated by research suggesting that mentoring interventions
may work through different mechanisms for children with different baseline risk profiles. For
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example, children with predominantly externalising difficulties may benefit more from the
programme's focus on self-regulation and leadership skills, whilst those with internalising
problems may respond better to the peer support and confidence-building elements. This
analysis will help identify which young people are most likely to benefit from rugby-based
mentoring programmes.

To thoroughly assess intervention effects, we will conduct a series of multilevel regression
analyses, progressively building complexity:

Model 1: Null model

We will begin with an empty multilevel model that includes only the outcome variable with
random effects at the school level. This establishes the baseline variance components and
intraclass correlation, showing how much outcome variation exists between schools before
accounting for any explanatory variables.

Model 2: Treatment dummy only

The second model will add only the treatment indicator as a fixed effect while maintaining
the multilevel structure. This provides an unadjusted estimate of the average treatment
effect across all participants.

Model 3: Fully specified model

Our third model will include the treatment indicator alongside all pre-specified covariates
(including baseline outcome measures, stratification variables, and relevant demographic
characteristics). This represents our primary analysis model, providing adjusted estimates of
intervention effects.

Model 4: Interaction model

We will extend the fully specified model by adding interaction terms between treatment and
Free School Meal (FSM) status at the school level. This will formally test whether intervention
effects differ for pupils from economically disadvantaged backgrounds. FSM at the school
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level is captured by a dummy variable that indicates whether a school is above the median
proportion of pupils with FSM6’.

Exploratory subscale analyses

We will conduct exploratory analyses examining individual SDQ subscales to enhance
comparability with other YEF evaluations and support future meta-analyses. These analyses
will examine:

e Conduct problems (0-10 scale)
e Hyperactivity (0-10 scale)

e Emotional problems (0-10 scale)
e Peer problems (0-10 scale)

These subscale analyses will use the fully specified model (Model 3) to provide adjusted
estimates. Results will be presented in appendices as supplementary findings to support
cross-study comparisons whilst maintaining focus on our pre-specified combined scale
outcomes.

Dosage analysis

Similarly to FSM, we will conduct a dosage analysis to examine how intervention impact varies
according to treatment intensity received. This analysis will incorporate interaction terms
between the treatment indicator and a continuous variable measuring the number of sessions
attended (0-12 sessions).

This approach allows us to investigate whether a dose-response relationship exists between
intervention exposure and outcomes. The continuous specification provides greater
statistical power and avoids arbitrary categorisation of engagement levels. We will examine
whether effects increase linearly with attendance or whether threshold effects exist at
particular attendance levels.

Findings from this analysis will complement the Implementation and Process Evaluation by
linking quantitative measures of implementation fidelity with outcome measures, providing
insights into the minimum effective dose and optimal engagement levels for future
programme delivery.

7 FSM6 refers to pupils who have been eligible for free school meals (FSM) at any point in the preceding six years,
and this is a key factor in how Pupil Premium funding is allocated to schools.
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We will conduct the full four-model sequence for our primary outcome (externalising
behaviour). For secondary outcomes, we will present the fully specified model (Model 3) only,
as summarised in Table 4. This focused approach balances analytical rigour with clear,
interpretable reporting.

Table 4 Summary of analysis

Outcome type Model 1 Model 2 Model 3 (Fully Model 4
(Null) (Treatment only) specified) (Interactions)

Primar

’ ‘i v (FSM +
(Externalising v v v

) Dosage)
behaviour)
Secondary outcomes v

Findings from this analysis will complement the Implementation and Process Evaluation by
linking quantitative measures of implementation fidelity with outcome measures.

4.5 Interim analyses and stopping rules

There is no interim analysis or stopping rules.

4.6 Longitudinal follow-up analyses

Our follow-up data collection will occur in two distinct waves to accommodate the staggered
implementation of the intervention. The first wave of follow-up data will be collected in May
2025, capturing outcomes from schools that received the intervention in the initial delivery
phase. The second wave will follow in September 2025, gathering data from schools in the
latter implementation phase.

We will conduct separate analyses using this administrative data for our secondary outcomes
that use National Pupil Database (NPD) measures. The NPD data collection runs parallel to
our primary data collection but follows its distinct timeline.

The comprehensive analysis and triangulation stage will occur between December 2025 and
March 2026. This timeline allows sufficient time for:
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1. Processing and cleaning all primary data from both waves
2. Analysing the NPD administrative data separately
3. Running our full suite of analyses across all outcome measures

4. Triangulating findings across different data sources and models

4.7 Imbalance at baseline

The randomisation was conducted by foundation, which was our key stratification variable.
An independent Ipsos team implemented the randomisation using Stata's 'randtreat’
command. This approach efficiently addresses the "misfits" problem that occurs when
schools cannot be distributed evenly across treatment arms within each foundation. The
command maintains overall treatment balance whilst handling unequal allocations across
strata where exact proportional division is not possible (Carril, 2017). Table 5 shows school
allocation by foundation, demonstrating successful stratified randomisation with minor
expected variation in smaller foundations. Post-randomisation attrition was minimal (2.9%)
and balanced, maintaining the integrity of random allocation.

Table 5 Number of randomised schools by foundation and trial arm

Foundation Control Intervention

Barrow Raiders 3 3 6
Huddersfield Giants 2 3 5
Hull FC 6 6 12
Leeds Rhinos 9 8 17
Leigh Leopards 7 7 14
Salford Red Devils 3 5* 8
St Helens 4* 5 9
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Swinton Lions 1 3 4
Wakefield Trinity 5 5* 10
Warrington Wolves 6 5 11
Wigan Warriors 3 3 6
Total 49 53 102

Note: three schools withdrew post-randomisation: one control (St Helens) and two intervention
(Salford Red Devils, Wakefield Trinity).

During the co-design phase, we initially considered stratifying by foundation and the
proportion of pupils eligible for Free School Meals (specifically the FSM6 measure). However,
after careful consideration, we decided to stratify by foundation only.

This decision was made for two primary reasons:

e Practical implementation considerations: Some foundations had a relatively small
number of schools (as few as 2 or 4), which could have created empty cells in the
stratification matrix if we had included FSM®6 as an additional stratifying variable.

e Statistical stability: When multiple stratification variables are used with small numbers
of units in some combinations, this can lead to imbalanced randomisation blocks,
potentially reducing rather than improving the balance across treatment arms.

While FSM6 was not used as a stratification variable in the randomisation process, it will be
included as a covariate in one of our analysis models to explore sensitivity to any potential
imbalance between treatment and control groups on this important characteristic.

This approach follows best practice in RCT design, which advises limiting stratification
variables, particularly with smaller sample sizes. Restricting stratification when working with
few schools ensures randomisation remains practical and maintains statistical integrity
(Donner & Klar, 2004).

Table 6 shows baseline balance between control and intervention groups for key survey
measures (combined Wave 1 and Wave 2 data). Effect sizes are small across all measures:
externalising behaviour (-0.14), internalising behaviour (-0.005), prosocial behaviour (0.05),
and wellbeing (0.02). These negligible differences demonstrate that randomisation
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successfully created comparable groups at baseline across our primary and secondary
outcome measures.

Table 6 Baseline outcome measures by treatment allocation

Pupil-level (continuous) Control group Intervention group  Effect size
(Hedges’s g)

N Mean N Mean

(missing)  (SD) (missing)  (SD)
SDQ - Externalising 565 (129) | 10.30 568 (108) | 10.88 -0.14
behaviour (primary (4.10) (3.94)
outcome)
SDQ - Internalising 565 (129) | 5.10 568 (108) | 5.10 -0.005
behaviour (3.39) (3.37)
SDQ - Prosocial 565 (129) | 6.70 568 (108) | 6.59 0.05

(2.15) (2.0)

Short Warwick Edinburgh 557 (137) | 22.13 561 (115) | 22.01 0.02
Mental Wellbeing Scale (5.02) (5.10)

Table 7 Demographic variables at baseline

Categorical Control group Intervention group
variable

N(missing) N(missing)

BAME 544 (138) 16.73% 547 (116) 16.10%
population
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Continuous N(missing) N(missing)

variable

Age 579 (115) 12.98 592 (84) 12.98

4.8 Missing data

We will only analyse missing data patterns for the primary outcome (externalising behaviour
measured five months post-randomisation). This analysis will document missing data
proportions and identify systematic patterns in the dataset.

Some participant attrition is expected in educational trials. Our sample size calculations
accounted for this, assuming 27% participant- and 10% school-level attrition. To understand
the missing data mechanism, we will investigate whether or not data is missing completely at
random or at random. We will compare baseline characteristics for each trial arm between
participants with complete follow-up data and those lost to follow-up. A logistic regression
model will help identify any systematic differences between groups. We can reasonably
consider the data missing randomly if this model reveals no significant predictors.

To maintain statistical power, our approach to handling missing outcome values will depend
on the proportion missing:

e Below 5%: We will exclude these observations as they have minimal impact on the
results

e Between 5-40%: We will implement multiple imputation techniques

e Above 40%: Multiple imputation becomes less reliable; we will acknowledge this
limitation in our interpretation

Before imputation, we will conduct a variable reduction analysis examining associations
between baseline variables and missing follow-up data. The imputation model will include
only variables with meaningful associations (p-value < 0.10).

The number of imputations will be determined to achieve at least 96% statistical efficiency,
calculated based on the fraction of missing values and required repetitions.

Our multiple imputation procedures will apply the same statistical model and assumptions
used in the primary outcome analysis. If evidence suggests data is missing not at random, or
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if missing data patterns correlate with trial allocation, we will conduct sensitivity analyses
using pattern mixture models (Hedeker & Gibbons, 1997; Little, 1993). In practice, this
approach involves creating separate analytical models for different groups based on their
missingness patterns - for example, one model for participants who completed all
assessments, another for those who dropped out after baseline, and a third for those who
missed only the follow-up assessment. Each model makes different assumptions about why
data is missing and what the unobserved outcomes might have been. By comparing results
across these different models, we can assess whether our conclusions change depending on
these assumptions, thereby testing the robustness of our findings to different missing data
scenarios.

School-level compliance will be assessed using two dimensions from the protocol's fidelity
tool: session completion rates and session frequency. Schools achieving high performance
across these implementation indicators will be classified as high-compliance for dose-
response analysis. Training completion and coach caseload dimensions operate at
programme level and cannot be disaggregated by school.

The evaluation team will receive monitoring data from RFL covering attendance records,
session delivery, and programme completion rates at school level. These data will inform
school-level compliance classification through established implementation criteria, with
schools achieving at least 75% fidelity classified as compliant.

Due to data anonymisation requirements, individual attendance records cannot be linked to
survey outcomes. This precludes student-level compliance analysis and Complier Average
Causal Effect estimation. Individual engagement patterns will be reported descriptively but
cannot be incorporated into causal analyses.

Treatment effects in the presence of non-compliance

We will examine intervention effects among schools that successfully implemented the
programme. This involves creating a three-category compliance variable: high-compliance
schools (275% fidelity), low-compliance schools (<75% fidelity), and control schools
(reference category).

Our analytical approach substitutes school-level compliance status for treatment allocation
in our fully specified model (Model 3):

Yij = Bo + B1RFL — Compliance; + B,Baseline;; + psWave; + p,Strat; + u; + &;
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This analysis compares outcomes across the three compliance categories whilst maintaining
the same covariate structure and multilevel specification as our primary analysis. If all
intervention schools achieve high fidelity, this analysis becomes equivalent to our primary
intention-to-treat analysis.

In this trial, schools represent the clustering units. Using an empty multilevel model without
covariates, we will compute Intracluster Correlation Coefficients (ICCs) for the baseline
measure of the primary outcome (externalising behaviour). The ICC estimation will occur at
the school level, which corresponds to our study design's clustering level.

We will fit a two-level random intercept model with children and young people (CYP) at level
1 nested within schools at level 2. The ICC calculation will use the following formula:

2
Oschool

ICC =
(Us.zchool + O-(?YP)

Where 0Z.1,,,; represents the variance at the school level, and oZ,p represents the variance
at the CYP level.

We will utilise the 'estat icc' command in Stata© 17 to derive the ICC estimate and its
corresponding confidence interval from the empty multilevel model®.

Furthermore, we will calculate the ICC from the primary analysis model (which includes
covariates and additional predictors) to evaluate how adjusting for these variables affects the
clustering effect.

As we are using a multilevel model, we will use the effect size for cluster-randomised trials
adapted from Hedges (2007) as below:

(YT - Yc)adjusted

Vv (O-.Sg + 0-627'7'01‘)

ES =

8 This has already been estimated on baseline data
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e (Yr —Yc)adjusted is the mean difference between both arms adjusted for baseline

characteristics;

e /(0% + 0Zror) is the estimated population standard deviation obtained from an 'empty’
multilevel model with no predictors.

Therefore, the effect size (ES) quantifies the portion of the population's standard deviation
attributable to the intervention (Hutchison & Styles, 2010). Additionally, a 95% confidence
interval for all effect sizes, adjusted for the clustering of pupils within schools, will be

provided. Effect sizes will be computed for each of the estimated regressions.
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