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Introduction 

This evaluation aims to test the effectiveness of the Headsprout® Early Reading (HER®) 

reading programme that was designed to teach beginning readers skills and strategies using 

phonics instruction. The intervention will be delivered in special schools for pupils aged 

between 5 and 11, Key Stages 1 & 2 (KS1 & KS2) who are lacking in prior reading skills. 

Schools were informed during the recruitment process that eligible pupils would be 

beginning readers who met the eligibility criteria. These criteria included various pre-requisite 

learning skills, and a short passage of text to read. If pupils were able to read the passage 

independently, this would indicate some decoding skills had already been acquired, and they 

would not be deemed eligible for the study. Approximately 480 pupils across 60 special 

schools in the United Kingdom will be recruited and randomly assigned to either intervention 

or teaching as usual group. This efficacy trial will be a two-armed parallel cluster RCT 
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(cRCT). Schools will be randomly assigned to either intervention or ‘teaching as usual’ 

(control) groups.. Schools receiving the intervention and associated training will implement 

HER® with a group of eligible pupils including access to an accompanying support manual 

for teaching staff supporting children using HER® that has been developed by the delivery 

team. For the schools receiving the intervention, this will replace any phonics instruction that 

would otherwise be implemented with the participating pupils. 

 

Our primary research question will evaluate whether children participating in the 
Headsprout® Early Reading (HER®) intervention differ significantly from the control group 
after adjustment for baseline measurements of primary outcome and stratification variable, 
school-size. From this analysis, we will estimate the effect size of intervention and assess 
the robustness of the trial. In addition, we will account for additional covariates (Age (school 
year); whether child is in receipt of free school meals; type of primary need (e.g. Autism, 
Speech, Language and Communication needs, Social, Emotional and Mental Health needs); 
and English as a first language), compliance (6-item checklist, including for example, All 
Teachers/TA’s supporting pupils through HERiSS have been through the digital training; and 
at least one member of staff attending the two webinars).  In addition, we will assess the 
sensitivity of findings under different assumptions with respect to missing data. 
 
Our secondary research question will examine whether the control and intervention groups 
differ on a number of sub-tests from the Dynamic Indicators of Basic Early Literacy Skills® 
8th edition (DIBELS®). Analyses on these outcomes will follow the same statistical 
approach, detailed above, for primary outcomes. 
 
Further statistical analyses will explore whether group differences in intervention and control 
groups are moderated by covariatesor depends on covariates..  
 

Design overview 

Trial design, including number of 
arms 

Two-arm parallel cluster randomised controlled 
trial  

Unit of randomisation School level 

Stratification variables  
 

School size (>=70 pupils vs 
 <70 pupils)2  

Primary 

outcome 

variable 
Pupil’s reading skills (Pupils’ ability to sound out 
words – not comprehension) 

measure (instrument, 

scale, source) 
A composite score derived from DIBELS® (Pupil 
testing) 

Secondary 

outcome(s) 
variable(s) 

Components of reading fluency (e.g., letter 
naming fluency, phonemic segmentation fluency, 
nonsense word fluency, word reading fluency, and 
oral reading fluency.) 
 
Pupils’ reading self-concept (including reading for 
pleasure/spontaneous reading)  
 

 
2 The cut-off of 70 pupils as large vs small schools size was derived from SEN data tables provided by 
the DfE in 2018. Available from: https://www.gov.uk/government/statistics/special-educational-needs-
in-england-january-2018 (7) 

https://www.gov.uk/government/statistics/special-educational-needs-in-england-january-2018
https://www.gov.uk/government/statistics/special-educational-needs-in-england-january-2018
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measure(s) 

(Instrument, scale, 

source) 

Reading self-concept scale (Pupil questionnaire) 
 
DIBELs component analysis (Pupil testing) 
 
 

moderators variable(s) 

Age (school year), Receipt of free school meals 
(FSM), type of primary need, English as a first 
language (EFL)  
 
Teaching as usual 

Baseline for 

primary 

outcome 

variable 
Pupils’ reading skills (Pupils’ ability to sound out 
words – not comprehension) 

measure (instrument, 

scale, source) 
DIBELS® composite score [] 3 

Baseline for 

secondary 

outcome 

variable 

Pupils’ reading self-concept (including reading for 
pleasure/spontaneous reading)  
 
Components of reading fluency (e.g. letter naming 
fluency, phonemic segmentation fluency, 
nonsense word fluency, oral reading fluency, and 
word reading fluency) 
 

 
moderators 

Age (school year), Receipt of free school meals 
(FSM), Type of primary need, English as a first 
language (EFL) 
 
 

measure (instrument, 

scale, source) 

Reading self-concept scale (Pupil questionnaire) 
 
DIBELS® component analysis (Pupil testing) 
  
Pupil characteristics: school year, first language, 
receipt of school meals, and primary need (All 
from School where possible, or NPD, if FSM info 
unavailable) 
 
A teaching as usual questionnaire for all schools 
(Teacher questionnaire) 

3 The DIBELS composite measure is derived following the DIBELS GUIDE 
(https://dibels.uoregon.edu/sites/dibels1.uoregon.edu/files/2021-
06/dibels_8_composite_score_calculation_guide_supplement_072020.pdf) 

 

Sample size calculations overview 

Sample size calculations were conducted using R version 4.1.2 (2021-11-01) and 

PowerUpR version 1.1.0 (1,2,3). 

 

Working with the delivery team and previous experience from testing in special schools, we 

conservatively  estimated that 15% of all pupils in a special school may be eligible for HER®, 

and so we estimated that we would be able to recruit between 5 and 15 primary age pupils 
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from most special schools in selected regions in England(North West and West Midlands). 

Prior to assessments moving online due to the Covid -19 pandemic, these regions were 

initially selected for logistical reasons as it was deemed feasible for the delivery team to 

support schools across these regions, and for the evaluation team to conduct assessments 

across these regions. We anticipated that this number of pupils will be manageable for two 

staff (a trained teacher and Teaching Assistant (TAs)) per school delivering HER®.  

 

We will aim to randomise 55 schools (28 schools in the control arm and 27 schools in the 

treatment arm of the study). Calculations are based on 80% power, a (two-sided) 

significance level of 5%, with (following pupil-level attrition, see below) an average of 2.33 

pupils within each class, and an average of 3 classes within each school at follow-up3. 

Although this is a relative unknown in the case of special schools, we have cautiously 

accounted for an intracluster correlation coefficient (ICC) as high as .40 at the class level 

and .10 at the school level, in accordance with guidance (4, 5). Demack (2019)(5) provides a 

theoretical and empirical review of three level cluster randomised trials in education with the 

purpose of exploring the implications of ignoring classroom level clustering. There are few 

special school education trials, and none with sufficient sample size to obtain accurate 

estimates of appropriate ICCs. The current study would be the largest education trial in a 

special school context to date. Therefore, we assume estimates of mean ICCs (Primary) 

recommended from the Demack review’s discussion as conservative moderated by expert 

knowledge of the special school environment by both delivery and evaluation teams.   We 

have allowed for an estimated correlation of pre and post-intervention scores (both on the 

same DIBELS® composite test) on the outcome of .5, representing a moderate correlation 

between the two time-points (6). The power calculation results in a minimum detectable 

effect size of .412.  

 

For the free school meals (FSM) sub-group analysis, we estimate a minimum detectable 

effect size of .465; based upon the above assumptions, and official statistics showing 43% of 

FSM pupils in state-funded special schools (7; see https://explore-education-

statistics.service.gov.uk/find-statistics/school-pupils-and-their-characteristics).  

 

We have allowed for a 10% attrition rate for schools (for both groups), and one pupil per 

school lost to attrition (11.1% pupil level attrition from average of 8 pupils initially [slightly 

lower than the originally expected 10] recruited per retained school) in retained schools 

across the trial. Our drop-out rate is considered as a somewhat conservative estimate, as 

whilst both lower and higher rates of attrition have been observed in extant studies of the 

HER® intervention (8,9) this is a relative unknown with respect to large-scale studies in a 

special school setting. We have prepared the above sample size calculations and the 

remainder of this protocol under the assumption that 60 schools will be recruited (with 54 

schools retained) and 8 pupils recruited within each school (with an average of 7 pupils 

retained) to achieve a sample of 378 pupils (after attrition at both the school and pupil level) 

and have budgeted as such.  

 

 

 
3 There are no official published figures on the number of pupils from special schools that schools can 
put forward for studies. The delivery and evaluation teams made the estimate that schools would 
have at least 5 eligible pupils to participate and that they could put forward and up to 15 pupils. We 
then conservatively reduced this number at randomisation stage to 7 based on recruitment estimates. 



6 
 
 

Table 2: Sample size calculations (following attrition) 

 

 Design stage 
Protocol/Randomisation 

stage 

 
OVERALL 

 
FSM Overall FSM  

Minimum Detectable 
Effect Size (MDES) 

0.298 0.327 .412 .461 

Pre-test/ 
post-test 
correlations 

level 1 
(pupil) 

0.50 0.50 0.50 0.50 

     

     

Intracluster 
correlations 
(ICCs) 

level 2 
(class) 

0.40 0.40 .40 .40 

level 3 
(school) 

0.10 0.10 .10 .10 

Alpha 0.05 0.05 0.05 0.05 

Power 0.8 0.8 0.8 0.8 

One-sided or two-sided? Two-sided Two-sided Two-sided Two-sided 

Average cluster size 9 3.89 7 3.02 

Number of 
schools 

Intervention 49 49 27 27 

Control 50 50 28 28 

Total 99 99 55 55 

Number of 
pupils 

Intervention 441 191 189 82 

Control 450 194 196 85 

Total 891 385 378 167 

 

Figure 1: Plot showing the minimum detectable effect size as a function of number of 

schools (K). 
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Analysis 

 

An intention-to-treat (ITT) approach will be used (including all randomised schools and pupils 

in the analysis), specifying random intercepts to account for the between-classroom and 

between-school variability, and reporting standard errors of the parameter estimates. ICCs (at 

both the classroom and school level) will be calculated for the null model (i.e. that without 

covariates) at post-test.  

 

Primary outcome analysis 

The primary analysis will examine mean follow-up DIBELS® composite scores, adjusting for 

the respective baseline measure school size, and with the covariate of interest specified as a 

dichotomous treatment/control variable. 

 

The analysis for the primary outcome measure will use a linear mixed model (LMM), given 

that the measure is continuous distributed. Some amount of skew in the raw outcome measure 

can be permitted, provided that the assumption of the normality of residuals is satisfied 

(assessed by looking at the residual diagnostic plots). The range of possible scores and 

calculation of the composite, indicates that a LMM should be the most appropriate model in 

this instance. Model assumptions will be checked at the analysis stage and, if necessary, a 

generalised linear mixed model with appropriate link function can be changed to match the 

analysis proposed for the secondary outcomes permitting analysis of sufficiently skewed data 

with heterogeneous residuals (10). Nested model comparison will be based on likelihood ratio 

tests (Chi square) and both Bayesian and Akaike’s Information Criteria (BIC and AIC 

respectively), with lower indices indicating the preferred model (14). All analyses will be 

conducted in R (version 4.0.3 - 2020-10-10), using the R packages: Tidyverse, lme4, ordinal, 

lmerTest (1,11,12,13). 
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Due to the number of class clusters within school being relatively small (14,22), we will adopt 

a two-step process to explore issues with over or under-fitting using a sensitivity analysis. In 

the first step, we will include a two-level design (pupil - level 1; school – level 2), then a second 

analysis fill follow with the inclusion of the third level (pupil – level 1; class – level 2; and school 

– level 3). 

 

Step 1 model (two-level design): 

𝑳𝟏: 𝑌𝑖𝑘 =  𝛽0𝑘 +  𝛽1𝑘𝑋1𝑖𝑘 +  𝑟𝑖𝑘 ,   𝑟𝑖𝑘~𝑁(0, 𝜎2
|𝑋) 

𝑳𝟐: 𝛽0𝑘 =  𝛾00 + 𝛾20𝑋2𝑘  + 𝛾30𝐼𝑁𝑇𝑘 +  𝜇0𝑘 ,                    𝜇0𝑘~𝑁(0, 𝜏2
2) 

𝛽1𝑘 =  𝛾10 

 

where, 𝑌 are the DIBELS® composite scores; 𝑋1 are the baseline DIBELS® composite scores; 

𝐼𝑁𝑇 is the treatment/control variable; 𝑋2 are indicator of school size (strata variable). 𝜇0𝑘 is the 

random intercept term for school. 

Step 2 model (three level design):  

𝑳𝟏: 𝑌𝑖𝑗𝑘 =  𝛽0𝑗𝑘 + 𝛽1𝑗𝑘𝑋1𝑖𝑗𝑘  + 𝑟𝑖𝑗𝑘 ,   𝑟𝑖𝑗𝑘~𝑁(0, 𝜎2
|𝑋) 

𝑳𝟐: 𝛽0𝑗𝑘 =  𝛾00𝑘 +  𝜇0𝑗𝑘 ,                    𝜇0𝑗𝑘~𝑁(0, 𝜏2
2) 

𝛽1𝑗𝑘 =  𝛾100 

𝑳𝟑: 𝛾00𝑘 =  𝛿000 + 𝛿001𝑋2𝑘 + 𝛿002𝐼𝑁𝑇𝑘 +  𝜍0𝑘,  𝜍0𝑘~𝑁(0, 𝜏3
2) 

 
where, 𝑌 are the DIBELS® composite scores; 𝑋1 are the baseline DIBELS® composite 
scores; 𝐼𝑁𝑇 is the treatment/control variable; 𝑋2 are indicator of school size (strata variable). 

𝜇0𝑗𝑘 and 𝜍00𝑘 are the random intercept terms for class and school respectively. 

 
After running both models, two and three levels, we will check for any additional benefit from 
the three-level model (random effect for class). If the three-level model fails to converge; if 
the random effect variance for class is zero; or if random effects are highly correlated, we will 
default to the two-level model. Otherwise, we will formally test the random effect of class 
using a likelihood ratio test of the two nested models (two vs three level), and report the 
most appropriate model. 
 

Secondary outcomes, subgroup and any additional analyses will default to the appropriate two 

or three-level model depending on the outcome of the sensitivity analysis for the primary 

outcome. 

Secondary outcome analysis 

Components of reading fluency: 

Given the distribution of most secondary outcome measures are positively scored, integers,  

and potentially skewed, secondary outcome analyses will  use generalized linear mixed 
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models (GLMM; Poisson or negative binomial family depending on overdispersion) for each 

of the five components of reading fluency (e.g. letter naming fluency, phonemic 

segmentation fluency, nonsense word fluency, oral reading fluency, and word reading 

fluency) (10,14).  

GLMM three-level design: 

𝑳𝟏: 𝑔(𝑌𝑖𝑗𝑘) =  𝛽0𝑗𝑘 +  𝛽1𝑗𝑘𝑋1𝑖𝑗𝑘  +  𝑟𝑖𝑗𝑘 ,   𝑟𝑖𝑗𝑘~𝑁(0, 𝜎2
|𝑋) 

𝑳𝟐: 𝛽0𝑗𝑘 =  𝛾00𝑘 +  𝜇0𝑗𝑘 ,                    𝜇0𝑗𝑘~𝑁(0, 𝜏2
2) 

𝛽1𝑗𝑘 =  𝛾100 

𝑳𝟑: 𝛾00𝑘 =  𝛿000 + 𝛿001𝑋2𝑘 + 𝛿002𝐼𝑁𝑇𝑘 +  𝜍0𝑘,  𝜍0𝑘~𝑁(0, 𝜏3
2) 

 

Note: 𝑔(. ) = 𝑙𝑜𝑔𝑒(. ), where 𝑔(. ) is the log link function for the Poisson GLMM 

where, 𝑌 are the DIBELS® composite scores; 𝑋1 are the baseline DIBELS® composite scores; 

𝐼𝑁𝑇 is the treatment/control variable; 𝑋2 are indicator of school size (strata variable). 𝜇0𝑘 is the 

random intercept term for school. 

Models for these five subscales will examine rate ratios (exponentiating the parameter 

estimates from the model).  For each outcome, these will include the covariate of interest 

specified as a dichotomous variable based on whether the pupil was assigned to the 

treatment or control group. In addition, covariates for the baseline scores for the respective 

outcomes and the strata covariate will also be included.  

Reading self-concept 

Similarly to the other secondary outcome measures, a generalized linear mixed model 

(GLMM, ordinal ) will be used to predict the secondary outcome of pupil reading self-concept 

(including reading for pleasure/spontaneous reading).  The reading self-concept measure is 

a bespoke measure adapted by the evaluation team based on an existing measure (see 

study protocol for details). The measure contains 6-items with each item scoring either ‘yes’ 

or ‘no’ therefore the total score use in the analysis will range between 0 and 6. For the 

reading self-concept measure, odds ratios will be assessed.  

Subgroup analyses 

Subgroup analyses will first analyse the impact of the intervention on the FSM sub-group 

(alone), for both primary and secondary outcomes, to ascertain the size of treatment effects 

for FSM pupils. A further subgroup analysis will analyse the interaction of FSM and the 

treatment effect on the primary and secondary outcomes; to examine whether the treatment 

effect is conditional on FSM eligibility. We present the three-level model including class at 

level 2, but this will reduce to a two-level design conditional on the sensitivity analysis on the 

primary outcome analysis. 

 

𝑳𝟏: 𝑔(𝑌𝑖𝑗𝑘) =  𝛽0𝑗𝑘 +  𝛽1𝑗𝑘𝑋1𝑖𝑗𝑘  + 𝛽2𝑗𝑘𝐹𝑆𝑀𝑖𝑗𝑘   +  𝑟𝑖𝑗𝑘 ,   𝑟𝑖𝑗𝑘~𝑁(0, 𝜎2
|𝑋) 

𝑳𝟐: 𝛽0𝑗𝑘 =  𝛾00𝑘 +  𝜇0𝑗𝑘 ,                    𝜇0𝑗𝑘~𝑁(0, 𝜏2
2) 
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𝛽1𝑗𝑘 =  𝛾100 

𝛽2𝑗𝑘 =  𝛾200 

𝑳𝟑: 𝛾00𝑘 =  𝛿000 + 𝛿001𝑋2𝑘 + 𝛿002𝐼𝑁𝑇𝑘 +  𝜍0𝑘,  𝜍0𝑘~𝑁(0, 𝜏3
2) 

Note: 𝑔(. ) = 𝑙𝑜𝑔𝑒(. ), where 𝑔(. ) Is the log link function for the secondary outcome 

measures, whereas the primary outcome, 𝑔(𝑌𝑖𝑗𝑘) = 𝑌𝑖𝑗𝑘. 

 

Additional analyses 

To assess the robustness of the findings, a number of additional pupil-level covariates will be 

introduced: pupils’ prior reading skill, school-size, pupil age, type of primary need, English as 

a first language (EFL), and free school meal status (FSM). These will extend thelinear mixed 

model analyses from the primary outcome using the same model structure and with the 

inclusion of the additional covariates. In addition, the interactions between the specified 

covariates and intervention/control group variable will be included in the model to assess 

whether the treatment effect is conditional on additional covariates. 

 

Longitudinal follow-up analyses 

Due to the low numbers of pupils in special schools who are typically able to take 

part in standardised reading tests at the end of KS2, it is not anticipated that suitable 

data will be available for any longitudinal follow-up of our analyses. Therefore, no 

follow-up analyses are planned 

Imbalance at baseline  

Characteristics of each trial arm group will be summarised descriptively, both as randomised 

and as analysed in the primary analysis. However, no formal statistical comparisons will be 

undertaken (15). Continuous measures will be reported as a mean, standard deviation (SD), 

minimum and maximum, while categorical data will be reported as a count and percentage. 

 

Missing data  

With respect to missing data, if over 5% of cases are missing, a generalised linear mixed 

model will be run (16), specifying missingness as the binary outcome variable. It is plausible 

that data may be missing at random based on: type of primary need, EFL, and baseline pupil 

reading ability; and therefore, these variables will be used as covariates in the prediction of 

missingness. Should data be found to be missing at random, then a multiple imputation 

model will be run including those covariates found to be predictive of missingness. A further 

sensitivity analysis will compare the imputed model to the ITT analysis (14).  

 

Compliance  

To ascertain the influence of non-compliance on the predictions made by the ITT, an 

instrumental variable approach will be utilised. Specifying two binary compliance indicators, 

full compliance, and partial compliance, defined as exceeding a proportion of the six binary 

response questions for compliance. A separate instrumental variables analysis will be 
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conducted for each derived compliance measure to investigate the influence of full 

compliance and partial compliance (Table 3).  

Compliance binary response questions are defined as: 

 

1. All Teachers/TA’s supporting pupils through HERiSS have been through the 

digital training (this item will be scored dichotomously ‘Yes/No’) 

2. At least one member of staff attending the two webinars (this item will be scored 

dichotomously ‘Yes/No’) 

3. At least 2 trained members of staff overseeing implementation to the end of the 

academic year (this item will be scored dichotomously ‘Yes/No’) 

4. Schools engaging with ISO provided fortnightly supervision (attending at least 

70% of scheduled sessions) and with monthly ISO visits in schools (attending 

70% scheduled sessions) (this item will be dichotomously scored, ‘Yes’ if 70% of 

supervision were held and 70% of ISO visits in schools were attended, ‘No’ 

otherwise) 

5. Teachers following recommendations from ISO sessions including using the 

activities outlined in the HER® manual (measured using a 4-point rating 

completed by ISOs following each visit). (this item will be turned into a 

dichotomous measure with a 4 (used most of the time) as ‘Yes’ and 1-3 (no 

evidence, rarely used, sometime used) being ‘No’. 

6. Time- tabling 3 HER® sessions per pupil per week4 (this item will be scored 

dichotomously scored ‘Yes’/’No’. 

 

Table 3: Compliance definitions for compliance analyses 

 

Compliance 
items 

Full Partial (a) Partial (b) 

1 

6 out of 6 

2 out of 3 

4 out of 5 

2 

3 

4 
1 out of 2 

5 

6 ✓  

 

 

As recommended by the EEF, a Two Stage Least Square approach will be used to estimate 

the model and Huber-White standard errors reported which are robust to clustering (16). The 

R packages ‘ivpack’ and ‘ivreg’ will be used to implement the two-stage instrumental variable 

analysis (17,18). Compliance will be instrumented by the intervention allocation (19). The 

stage 1 model is defined as follows:  

 

𝐶𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒𝑘 =  𝛽0 + 𝛽1𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑘 + 𝜀𝑗𝑘 

Predicted values for, 𝐶𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒𝑘, from the stage 1 model will be included in the stage 2 

model, as follows:  

 
4 The HER® team recommends 3 sessions per week 
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1 

𝑌𝑖𝑘 = 𝛽0 +  𝛽1𝑐𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒̂
𝑘 +  𝛽2𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑖𝑘 + 𝛽3𝑠𝑐ℎ𝑜𝑜𝑙𝑠𝑖𝑧𝑒𝑘  +  𝑟𝑖𝑘 

Intra-cluster correlations (ICCs) 

Initially ICCs (at both the classroom and school level), will be calculated for the null model 

(without covariates predicting the DIBELS® composite score); and then for the primary model 

(i.e. the model including the baseline DIBELS® composite score, with baseline DIBELS® 

composite score and school size strata as covariates). 

Effect size calculation  

Effect size for the primary outcome measure, DIBELS® composite score will be reported as 

Hedges’ g (adjusted mean difference) (20,21). According to our three-level LMM for primary 

outcome, a sample estimate of the effect size equivalent to Hedges’ g with 95% confidence 

interval (16), is defined as: 

 

∆̂𝑔=
𝛽1̂

𝑆𝑊𝑇

√1 −
2(𝑝𝑢 − 1)𝜌𝑠 + 2(𝑛𝑢 − 1)𝜌𝑐

𝑁 − 2
 

 

Where 𝛽1  ̂is the adjusted mean difference in DIBELS® composite score between trial arms; 

𝑆𝑊𝑇 is the within group pooled standard deviation (unconditional sample variance; 21) 

𝑆𝑊𝑇
2 =

∑ ∑ ∑ (𝑌𝑖𝑗𝑘
𝐼 −𝑌𝑖..

𝐼 )2
𝑛𝑖𝑗

𝐼

𝑘=1

𝑝𝑖
𝐼

𝑗=1
𝑚𝐼

𝑖=1 +∑ ∑ ∑ (𝑌𝑖𝑗𝑘
𝐶 −𝑌𝑖..

𝐶)2
𝑛𝑖𝑗

𝐶

𝑘=1

𝑝𝑖
𝐶

𝑗=1
𝑚𝐶

𝑖=1

𝑁−2
Where ‘𝑚𝐼’ is the total number of schools in 

the intervention sample, ‘𝑝𝐼’ the total number of classes and ‘𝑛𝐼’ the total number of pupils 

(equivalent definitions apply for the control group, but with the ‘C’ designation). 𝑌𝑖..
𝐼 and 𝑌𝑖..

𝐶 are 

the mean outcomes among intervention and control schools respectively.  

 

The remaining part of the ∆̂𝑔 equation makes the adjustment for clustering. The two intra -

class correlation coefficients at the school (𝜌𝑠) and class (𝜌𝐶) level are defined as follows, 

 

𝜌𝑠 =
𝜎𝐵𝑆

2

𝜎𝐵𝑆
2 +𝜎𝐵𝐶

2 +𝜎𝑊𝐶
2 =

𝜎𝐵𝑆
2

𝜎𝑊𝑇
2 ,  𝜌𝐶 =

𝜎𝐵𝐶
2

𝜎𝐵𝑆
2 +𝜎𝐵𝐶

2 +𝜎𝑊𝐶
2 =

𝜎𝐵𝐶
2

𝜎𝑊𝑇
2 , 

 

where 𝜎𝐵𝐶
2  is the between-class variance, 𝜎𝐵𝑆

2  is the between-school variance, and 𝜎𝑊𝐶
2  is the 

within-school variance. In addition, we define 𝑝𝑢 and 𝑛𝑢 as follows: 

 

𝑝𝑢 =
𝑁𝐶 ∑ (∑ 𝑛𝑖𝑗

𝐼𝑝𝑖
𝐼

𝑗=1 )
2

𝑚𝐼

𝑖=1

𝑁𝑁𝐼
+

𝑁𝐼 ∑ (∑ 𝑛𝑖𝑗
𝐶𝑝𝑖

𝐶

𝑗=1 )
2

𝑚𝐶

𝑖=1

𝑁𝑁𝐶
𝑛𝑢 =

𝑁𝐶 ∑ ∑ (𝑛𝑖𝑗
𝐼 )

2𝑝𝑖
𝐼

𝑗=1
𝑚𝐼

𝑖=1

𝑁𝑁𝐼
+

𝑁𝐼 ∑ ∑ (𝑛𝑖𝑗
𝐶 )

2𝑝𝑖
𝐶

𝑗=1
𝑚𝐶

𝑖=1

𝑁𝑁𝐶
 

Further details can be found in Hedges (2011)(21). 

For the remaining secondary outcomes, their effect sizes will be reported as odds ratio (pupil 

reading self-concept) or rate ratios (all other secondary outcomes, exponentiated parameter 

estimates), given that generalized linear mixed effects models with log link function are used 

to model the data and that the measures are positively scored integers with some amount of 

skew anticipated (10,22).  
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