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ABSTRACT
Educational stakeholders are keen to know the magnitude and importance
of different interventions. However, the way evidence is communicated to
support understanding of the effectiveness of an intervention is controver-
sial. Typically studies in education have used the standardised mean differ-
ence as a measure of the impact of interventions. This measure, commonly
known as the effect size, is problematic, in terms of how it is interpreted
and understood. In this study, we propose a “gain index” as an alternative
metric for quantifying and communicating the effectiveness of an interven-
tion. This is estimated as the difference in the percentage of children who
make positive gains between the intervention and control groups. Analysis
of four randomized controlled trials in education supports the expectation
that most children make progress due to normal school activities, which is
independent of the intervention. This study elaborates a method to illus-
trate how trials with a positive gain index and with a higher percentage of
pupils with positive gain in the intervention group can be used to commu-
nicate which trials are effective in improving educational outcomes.
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Introduction

RANDOMIZED CONTROLLED TRIALS (RCTs) are the most powerful tool used in the hier-
archy of evidence to establish a cause-effect relationship between an intervention and an out-
come. The method provides a robust technique to measure the effectiveness of an intervention
(Hutchison & Styles, 2010). In educational trials, pupils are randomly assigned either to receive
an intervention or to continue with the usual schooling program (Hariton & Locascio, 2018;
Kendall, 2003). Each school or pupil has the same chance of being allocated into one of the
two groups (in a two parallel arms trial with equal allocation ratio and depending on whether
it is an individual or cluster-randomized trial). Randomization, if done properly, can help to
eliminate selection bias (Torgerson & Torgerson, 2013) and provide a more accurate estimate
of the effect of an intervention. In this paper we explore some of the challenges associated
with using effect sizes as a measure of impact, we then summarize some of the alternative
ways that have been suggested to communicate this effect, before describing a method which
we believe addresses the major challenges and avoids many of the issues associated with alter-
native proposals.
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Challenges associated with the interpretation of effect sizes

The most common measure of impact used in education trials is a standardized mean difference
and its associated confidence intervals, known as the effect size. It is a ratio measure, the differ-
ence in means between two groups, divided by the pooled standard deviation of these groups.
Whilst there are different methods of calculation, it is usually reported as Cohen’s d or Hedges’ g
(see Bakker et al., 2019 for more details about these calculations and alternatives). Hedges’ g
effect size is more suitable for a small number of participants than Cohen’s d, but both metrics
are equivalent for 30 or more number of participants. Although the impact of a particular inter-
vention could be based on an unstandardized mean difference, this can only be used to compare
effects across studies with the same outcome represented on the same scale (Vacha-Haase &
Thompson, 2004). However, measurement outcomes are often scaled differently, so comparing
unstandardized mean differences across studies is not meaningful or practical (Durlak, 2009). The
main aim of standardization is therefore to equate effects measured on different scales to provide
a comparable metric across similar measures. A highly desirable property of an effect size based
on a standardized mean difference is the stability of estimates between different versions of the
same instrument, individual scores, and different study designs (Baguley, 2009).

Teachers and other educational stakeholders who do not usually have a statistical background
do not easily understand the metric of an effect size from a standardized mean difference. Ratio
relationships and measures are particularly problematic (Izs�ak & Jacobson, 2017). As a result,
Cohen (1969) proposed a proportional or percentile indices to aid in the interpretation of effect
sizes based on the overlapping proportions of two normal distributions for two known groups by
identifying these simply as small, medium or large (see also Rosenthal & Rubin, 1979, 1982).
Cohen’s categorization (Cohen, 1977, 1988) is commonly cited, especially in social and behavioral
research. However, assuming universal thresholds for effect sizes poses its own challenges because
the categories proposed by Cohen are arbitrary. Cohen himself suggested that his categorization
should not be generalized for all effect sizes in different areas. Glass et al. (1981) argued that even
a very small effect size of 0.10 can be considered important especially if its application is inexpen-
sive or easy to achieve. More importantly, McCartney and Rosenthal (2000) also observed that
Cohen’s interpretation cannot be used to assess interventions in education where it is often diffi-
cult to change the trajectory of students’ learning. A small effect may be particularly valuable.
Cohen’s categorization has been consistently criticized by many other researchers (Ferguson,
2009; Hedges & Hedberg, 2007; Hill et al., 2008; Lipsey et al., 2012). Recently, Funder and Ozer
(2019) revised Cohen’s thresholds using correlation as a measure of effect size. They defined an
effect size of 0.05, 0.10, 0.20, 0.30, and 0.40 as very small, small, medium, large, and very large
effect respectively. However, any generalization of thresholds is not a sound approach in educa-
tion because of a number of factors which influence the measure, such as the type of intervention
and the age of the participants (Hill et al., 2008). Vocabulary interventions, for example, tend to
have larger effect sizes as the outcomes are relatively simple, reading comprehension estimates
tend to be much lower, as this capability involves the co-ordination of a number of aspects of
reading such decoding, vocabulary, grammar and syntax (Higgins, 2018).

There have been a number of other proposed alternative interpretations and representations of
effect size. Rosenthal and Rubin (1982) suggested the binomial effect size display (BESD). This
was designed to indicate the practical importance of any particular effect size estimate. It shows
the difference between two proportions such as the difference between the success rate of a new
intervention and the success rate of the standard intervention, based on assumptions about the
underlying distributions. McGraw and Wong (1992) suggested a “Common Language Effect Size
(CLES)” statistic, which is the probability that a score sampled at random from one distribution
will be greater than a score sampled from another distribution. Coe (2002) interpreted effect sizes
as z-scores and proposed looking at the percentage of pupils in the control group who are below
an average pupil in the intervention group. Lipsey et al. (2012), in their review of the
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interpretation of effect sizes, concluded that appropriate norms based on distributions of effect
sizes for comparable outcome measures from comparable interventions targeted on comparable
samples need to be established to decide the magnitude of effect size as small, medium or large
in a particular context.

Why the gain index?

Educational stakeholders such as policymakers, parents, and teachers do not easily understand
these existing metrics (Baird & Pane, 2019; Rosenthal & Rubin, 1982). Yet the wider community
and policymakers seem to have less difficulty understanding percentages presented in a 2� 2
table (Randolph & Edmondson, 2005). This kind of presentation of results is similar to the
BESD, which can be computed relatively easily to show the effect (Rosenthal, 1990; Rosenthal &
Rosnow, 1991). BESD, however, relies on the underlying effect size and assumes the overall
improvement rate is 50%, which is highly unlikely in most education trials. It is also only a broad
approximation with substantial error (Miller et al., 2011).

The Education Endowment Foundation, adopted the idea of months of progress (Higgins
et al., 2015), which converts effect size to additional progress in months attributable to an inter-
vention, based on the assumption that one standard deviation is equivalent to one year of pro-
gress on standardized tests (Glass et al., 1981). Hill et al. (2008) challenged this assumption and
argued that effect sizes vary according to the ages of the children and the tests used (Hill et al.,
2008). Months of progress can therefore lead to unreasonable conclusions and misinterpretation
(Baird & Pane, 2019). All of these challenges illustrate the central tension in terms of communi-
cating effects which can be summarized as the tradeoff between accuracy and accessibility
(Higgins, 2018). The effect size (with its associated confidence intervals) is accurate, but not very
accessible. Approaches which create arbitrary thresholds or make assumptions about the underly-
ing distributions have been shown to be more easily understood but can be inaccurate
or misleading.

In this paper, we propose a new measure to evaluate interventions in education trials that can
be interpreted easily by policymakers and educational stakeholders. Instead of using the standar-
dized mean difference as an effect size with its inherent problems outlined above, the effectiveness
of an educational intervention can be evaluated and communicated by simply estimating more
precisely the percentages of children who make improvement beyond the expected level (positive
gain) in the intervention and comparison groups, without making the distributional assumptions
adopted in earlier measures. In the real world, students are expected to improve over time based
on normal school teaching and learning activities, even if they do not receive any particular
‘intervention’. The difference in percentages of positive gain between intervention and compari-
son groups, which we termed as the “gain index” provides useful and simple information about
the percentages of the participating children that are likely to have benefited from the

Table 1. Summary statistics of the four trials used in this paper.

Comparison Intervention Overall

Mean (SD) N Mean (SD) N Mean (SD) N

Pretest
Trial 1 16.57 (6.84) 142 16.97 (7.74) 149 16.78 (7.3) 291
Trial 2 85.42 (11.18) 143 85.26 (10.67) 159 85.33 (10.9) 302
Trial 3 22.87 (5.25) 89 22.90 (5.24) 93 22.88 (5.23) 182
Trial 4 24.35 (4.27) 192 24.69 (4.29) 199 24.52 (4.28) 391
Post-test
Trial 1 18.56 (8.13) 142 21.5 (8.08) 149 20.06 (8.22) 291
Trial 2 84.15 (11.35) 143 87.61 (10.2) 159 85.97 (10.88) 302
Trial 3 82.76 (9.96) 89 83.99 (10.01) 93 83.39 (9.98) 182
Trial 4 88.85 (10.88) 192 88.77 (11.55) 199 88.81 (11.21) 391

THE JOURNAL OF EXPERIMENTAL EDUCATION 3



intervention. This simple metric based on expressing the effectiveness of an intervention as per-
centages can therefore be a useful and intuitive tool for communicating evidence in educational
trials to parents, schools, and policymakers. More importantly, it can be presented in a similar
way to BESD. However, the ease of interpretation comes at the cost of a more computationally
intensive method.

Data and methods

We analyzed eighteen randomized controlled trials funded by the Education Endowment
Foundation in England. Only four of them are discussed in detail in the results section. An over-
view of these four trials is provided below. The overall summary statistics of the four trials such
as mean, standard deviation and sample size are presented in Table 1.

Graduate coaching programme efficacy trial (trial 1)

The aim of Perry Beeches Graduate Coaching Program was to improve the reading and writing
skills of Year 7 pupils with low levels of attainment in four English secondary schools. In this
project, 16 graduate ‘coaches’ provided academic support to pupils who had not reached level 4c
in English at the end of Key Stage 2, which is the expected level for 11 year old at the end of pri-
mary education. Originally, it was intended to provide one to one support to pupils from gradu-
ate coaches. However, in practice, pupils received a range of targeted support that varied between
schools and not all coaches were graduates. The program built on a successful pilot in Perry
Beeches Academy in Birmingham, and the school coordinated the project across participating
schools. The approach was based on a one to one coaching program used in the Match Charter
School in Boston, USA. The impact of the program was assessed on the academic outcomes of
291 students from 4 schools who were offered support during the 2013–2014 school year. The
project was selected by the EEF as one of 24 projects in a themed round on literacy catch-up at
the primary-secondary school transition. Projects funded within this round aimed to identify
effective ways to support pupils not achieving level 4 in English at the end of Key Stage 2 and at
the end of primary school. This is the expected level that 11 year old pupils are expected to
achieve. The primary outcome was pupils’ reading and writing ability, specifically reading, spell-
ing and grammar as assessed by the GL Assessment Progress in English (PiE) Test Short Form
paper version. More information about this trial can be found in Lord et al. (2015).

Butterfly phonics (trial 2)

Butterfly Phonics aimed to improve the reading of struggling pupils through phonics instruction
and a formal teaching style where pupils sit at desks in rows facing the teacher.

The pupils who did not reach level 4 in their Key Stage 2 national tests or their reading skills
were at least a year behind their chronological age were eligible to participate in the trial. The les-
sons were taught for ten to twelve weeks, typically with two one-hour lessons each week in
schools. Pupils were taught in small groups of typically six to eight by a trained Butterfly practi-
tioner and assisted by a trained teaching assistant. The randomized controlled trial evaluation
consisted of a treatment group, which received the intervention, and a control group who contin-
ued their schooling as usual. The intervention took place in school time for five out of the six
participating schools and in a variety of lessons. No control activities were involved so the com-
parison was ‘business as usual’. The unit of randomization was the individual pupil and the pri-
mary outcome was reading comprehension. More information about this trial can be found in
Merrell and Kasim (2015).
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Summer active reading (trial 3)

The Summer Active Reading Program aimed to improve reading skills and particularly compre-
hension by raising pupil’s engagement in, and enjoyment of, reading at the transition from pri-
mary school to secondary school. Booktrust, an independent charity that aims to change lives
through engaging people with reading delivered this program. Four book packs were gifted to
participating pupils, who were invited to attend two summer events led by Booktrust staff at
their new secondary school. The first book pack was gifted toward the end of the child’s final
term at primary school, the second and third packs at two summer events and the final pack in
the first term of secondary school. Volunteers, recruited by Booktrust, gifted the book packs
and supported activities, including one to one reading, at the summer events. The trial exam-
ined the impact of the program on 205 pupils from 10 schools in the north of England who
had been identified as unlikely to achieve Level 4a or above by the end of Key Stage 2 (the
expected level of achievement for 11 year olds at the end of primary schooling). Pupils who
were not likely to gain at least Level 2 (the expected level for 7 year olds) were not included in
the trial. More information can be found in Maxwell, Connolly, Demack, O’Hare, Stevens,
Clague, and Stiell (2014).

TextNow (trial 4)

The aim of TextNow Transition Program was to improve the reading comprehension skills of
pupils at the transition from primary to secondary school. Unitas, a national charity that helps
young people access, participate, and progress in mainstream education and training delivered
the program. Participating students received 20-minute one to one sessions with a volunteer
coach each weekday for five weeks at the end of primary school and for a further 10weeks at the
start of secondary school. Children were expected to read independently for a further 20minutes
per day and were rewarded for attendance with credits that could be used to buy books online.
The impact of the program in this trial was assessed on 501 pupils in 96 schools across England
who had been identified as unlikely to achieve Level 4a or above by the end of Key Stage 2, but
have gained at least Level 2. More information can be found in Maxwell, Connolly, Demack,
O’Hare, Stevens, and Clague (2014).

Figure 1. A simulated illustration of the expected distribution of gain scores between pre and post-intervention period when
there is no intervention effect.
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Gain index

The educational outcomes for schoolchildren are expected to improve over time due to normal
teaching and learning activities in school. This means that most students tend to make progress
whether or not they participated in an education trial. However, it is also expected that children
who participate in an educational intervention should make more progress than those in the
comparison group if the educational intervention is effective. Figure 1 shows the hypothetical dis-
tribution of pretest and post-test scores for children randomized to hypothetical intervention and
comparison groups when the education intervention has no beneficial effect. In this scenario, the
distributions of pretest and post-test scores are the same during pre- and post-intervention
period. However, the average of the post-test scores would usually be larger than the average of
pretest scores due to progress resulting from teaching in school and other activities.
Hypothetically, for an intervention with no beneficial effect, it can reasonably be expected that
the percentage of children who make positive gains in the scenario as depicted in Figure 1 will be
approximately the same in both the intervention and comparison groups.

Figure 2 presents a scenario where the educational intervention is assumed to be effective on
average, and beneficial to the children who were randomized to the intervention group. The dis-
tribution of the test scores during the pre-intervention period is the same in both the intervention
and the comparison groups. However, the distribution of the test score post-intervention in the
intervention group is shifted further to the right than the distribution of the post-test score in the
comparison groups. Usually, the impact of the intervention is calculated as the standardized
mean difference between the two distributions or groups (the difference in the post-test scores,
corrected for pretest and divided by the pooled standard deviation, or its equivalent from a
regression analysis). But an interesting feature in Figure 2 is that a higher percentage of the chil-
dren in the intervention group are more likely to have a higher post-test score than those in the
comparison group. This means that the impact of intervention can be calculated as the percentage
difference in the number of children that are more likely to have higher scores post-intervention
than pre-intervention. This percentage difference is what we have called the “gain index”.

Bayesian shared parameter mixture model

The concept of the “gain index” seems very straight forward, except it is important that the defin-
ition of children who are likely to have higher scores post-intervention than pre-intervention

Figure 2. A simulated illustration of the expected distribution of children attainment between the pre and post-intervention
period when there is a significant intervention effect.
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needs to be clearly defined. This means that it is not sufficient to cluster children simply by posi-
tive or negative scores based on the difference between post-test and pretest scores. For example,
a child who had þ1 score is not necessarily different from another child with þ1.5 score in this
case. The difference between post-test and pretest scores depends on the uncertainty associated
with each individual child’s score.

To objectively define those who are more likely to have a higher score post-intervention than
pre-intervention, we propose to assume that all children can be grouped based on an unobserved
latent construct (Wedel, 2002). It consists of two groups of those that are likely to make positive
gains (i.e. having higher scores post-intervention than pre-intervention) and those that are likely
to make a loss (i.e. having lower scores post-intervention than pre-intervention: negative gains).
Although the two groups are initially unknown, they can be determined based on the observed
gain score data using a finite component mixture model. A similar approach has been applied in
other areas of social science to explore unobserved groups. For instance in alcohol consumption
among adolescents (Wang & Bodner, 2007), alcohol consumption and marijuana consumption
(Hix-Small et al., 2004) and the effectiveness of learning during working memory for nursery and
primary school children (Orylska et al., 2019). A mixture model is a flexible technique for identi-
fying latent components by approximating the distribution of the observed data by a mixture of
distributions (Geoffrey & Peel, 2000).

Let yi represent the gain score for pupil i in a school. The gain score yi is obtained as a
residual from an ANCOVA model, where i ¼ 1, 2, :,N represents the number of pupils in the
school. Assuming k subgroups of pupils in the school from the least performing group to the
highest performing group, the finite component mixture model can be formulated as:

f yið Þ �
Xk
j¼1

pjfj yi j hj
� �

, (1)

where pj � 0 and
Pk

j¼1 pj ¼ 1:
In the simplest situation, the distributions fj’s specified in Equation (1) are known and infer-

ence focuses either on the proportions pj or on the allocations of the observation y1, :::, yN to
components fj: In most cases, fj’s represent a parametric family with unknown parameter hj:
When the focus is to determine which observation yj belongs to which of the k components, as is
the case here, the shared parameter mixture model can be formulated with latent variable repre-
sentation. Furthermore, to account for the clustering of pupils nested within schools, we adopted
the shared parameter mixture model proposed by Evans and Erlandson (2004) which can be for-
mulated as:

f ðyisjbsÞ ¼
Xk
j¼1

zisjf ðlj þ bs, r
2
j Þ: (2)

where yis is the score of pupil i from school s and s ¼ 1, 2, :::, S: Here S is the total number of
schools and ns ¼ n1, n2, :::, nS, represents the number of pupils within schools. zis ¼ 1 if pupil i
makesþ ve gain and zis ¼ 0 if the pupil makes� ve gain, and bs � Nð0,r2bÞ is the random inter-
cept for school s. Assuming a T-distribution and two components of positive and negative gains,
the model defined in Equation (2) is re-formulated as:

f ðyisjbsÞ ¼ ð1� zisÞT ðl1 þ bs, r
2, df Þ þ zisT ðl2 þ bs,r

2, df Þ: (3)

Note that p2 ¼
PN

i¼1 zis=N is the true and unobserved probability that a child belongs to aþ ve
gain component (quality subgroup) in the population, p1 ¼ 1� p2 is the true and unobserved
probability that a child belong to a� ve gain component in the population. Note that the shared
parameter bs is common to both components of the mixture model. To ensure that the member-
ship parameter zis is uniquely estimated for each component (to address the identifiability

THE JOURNAL OF EXPERIMENTAL EDUCATION 7



problem), we constrained the components with l2 > l1: The average score for pupils with� ve
gains is l1, and the average score pupils with positive gains is l2 and df is the degree of free-
dom. In addition, a common pooled variance r2 is assumed for both components in a multilevel
model. The T-distribution is preferred to a normal distribution because of its thinner tail for
smaller degrees of freedom (Kraemer & Paik, 1979; Lange et al., 1989). To reduce the proportion
of overlapping data between the two components, we assumed two degrees of freedom as dis-
cussed by Evans and Erlandson (2004).

Given that we can now identify children that are likely to have a higher score post-interven-
tion than pre-intervention (zis) from a finite component mixture model, we calculated the percen-
tages of children that are likely to make positive gain by cross-classifying the intervention group
with the underlying latent construct for positive gain (zis), as illustrated in Table 2. The Gain
Index can, therefore, be presented in a 2� 2 table in a similar way to the binomial effect size dis-
play (BESD). The Gain Index analytical framework is presented in Figure 3.

We implemented the model in R using R2jags package with vague priors. Although there are
different options for vague priors, we have used common specifications implemented in
WinBUGS and JAGS. The WinBUGS program used for the finite component mixture model is
provided in the appendix. The priors for the average negative and positive gains were specified as
l1 � N�ð0, 1000Þ and l2 � Nþð0, 1000Þ: The priors for the inverse of variances are specified as
1
r2 � cð1000, 1000Þ and 1

r2b
� cð1000, 1000Þ: The membership parameters Zis are sampled from a

Bernoulli distribution Zis � Bernðp1Þ where p1 � Uð0, 1Þ and p2 ¼ 1� p1: The posterior estimates
were generated using Gibb’s sampling with 100000 iterations and burn-in of another 50000 itera-
tions to train the Gibb’s sampler. Figure A1 in the appendix provides the trace and density plots
from MCMC for convergence check in each trial including Rhat. The Rhat estimate for each trial
is 1, which suggests that the Bayesian model has converged.

Results

Our proposed first step in calculating the percentages of children that are more likely to have
higher scores post-intervention than pre-intervention is to identify the underlying latent construct
for positives and negative gains group using a finite component mixture model. One of the
advantages of the mixture model is that the data determines the threshold between the positive
and negative gain groups. Table 3 presents the component-specific parameters for the positive
and the negative gain groups from a finite mixture model. The parameters p2 and p1 were directly
estimated using the model specified in Equation (3), while GT and GC were derived from the
same model as illustrated in Figure 3. In Trial 1, the average standardized gain score for the posi-
tive gain group was 0.63 (0.10, 1.27) and �1.00 (�1.65, �0.33) for the negative gain group. This
means that children in the positive gain group were likely to make a progress of 0.63 standard
deviations between the pre and post-intervention period, while those in the negative gain group
on average declined by �1 standard deviation between the pre- and post-intervention period. In
this trial, 54% of the children were likely to have higher scores post-intervention than pre-inter-
vention whilst 46% of the children were likely to have a lower score post-intervention than pre-
intervention. A similar pattern can be seen in Trial 2 where 39% of the children were likely to
make positive gain with an average of 1.16 (0.57, 1.70) and 61% were likely to make a negative
gain with an average of �0.61 (�1.15, �0.13) standard deviations. 37% of the children in Trial 3

Table 2. An illustration for displaying gain index.

Randomization

Gains

Proportion Gain Index�Ve Gain þVe Gain

Intervention a b p2 ¼ b
ðaþbÞ g ¼ p2 � p1

Comparison c d p1 ¼ d
ðcþdÞ
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were likely to make positive gain with an average of 1.33 (0.70, 1.87) and 63% were likely to
make negative gain with an average of �0.91 (�1.33, �0.54) standard deviations. Lastly, 42% of
the children in Trial 4 were likely to make positive gains with an average of 1.05 (1.05, 1.48) and
58% of the children were likely to make negative gains with an average of �0.80 (�1.16, �0.43)
standard deviations.

The results from the finite mixture model confirmed the expectation that some children will
make progress between the pre- and post-intervention period whether they are in an intervention
group or comparison group. However, one would expect the percentage of children in an inter-
vention group that makes a positive gain to be higher than the percentage of children in the com-
parison group that were likely to make a positive gain, if the intervention is effective. The reverse
pattern is expected for ineffective interventions or interventions with unintended consequences.
Table 4 presents the percentages of children in the intervention and comparison groups that were
likely to make positive or negative gains. The results presented in Table 4 were obtained as indi-
cated in step 3b of Figure 3. In Trial 1, 60% of 149 children randomized to the intervention
group were likely to make positive gain whilst 47% of 142 children in the comparison groups
were likely to make positive gains. This means a difference of 13% with a 95% credible interval of
3% to 22% between the intervention and the comparison groups. In Trial 2, 45% of 159 children
in the intervention group were likely to make positive gains compared to 33% of 143 children in
the comparison group. This also shows that children in the intervention groups were more likely

Figure 3. Flow diagram of finite mixture model analysis to obtain gain index.

Table 3. Component-specific parameter estimates from Bayesian shared parameter mixture model with 95% credible intervals
in parentheses. GT is the standardized gain scores for the positive gain group, GC is the standardized gain scores for the nega-
tive gain group, p2 is the proportion of children in the positive gain group and p1 is the proportion of children in the negative
gain group.

Parameters Trial 1 Trial 2 Trial 3 Trial 4

GT 0.63 1.16 1.33 1.05
(0.10, 1.27) (0.57, 1.70) (0.70, 1.87) (1.05, 1.48)

GC �1.00 �0.61 �0.91 �0.80
(�1.65, �0.33) (�1.15, �0.13) (�1.33, �0.54) (�1.16, �0.43)

p2 0.54 0.39 0.37 0.42
(0.34, 0.73) (0.24, 0.56) (0.22, 0.55) (0.27, 0.56)

p1 0.46 0.61 0.63 0.58
(0.27, 0.66,) (0.44, 0.76) (0.45, 0.78) (0.44, 0.73)
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to make a positives gain than those in the comparison group with a percentage difference of 12%
and 95% credible intervals of 3%–21%. In Trial 3, 38% of 93 children in the intervention group
and 37% of 89 children in the comparison group were likely to make positive gains between the
pre- and post-intervention period. This also means that children in the intervention group were
more likely to make positive gains than those in the comparison group with a percentage differ-
ence of 1% and a credible interval of �8%–12%. However, in Trial 4, 40% of 199 children in the
intervention group and 44% of 192 children in the comparison group were likely to make positive
gains between the pre and post-intervention period. This is not an effective intervention as chil-
dren in the comparison group were at least as likely as those in the intervention group to make
positive gains. Figure 4 shows the posterior probability distribution of children in the positive
gain group in each trial of the four representative trials. The posterior probabilities are plotted
against residual of post-test scores obtained from the ANCOVA model. As expected, the higher
the gain in test scores, the more likely it is for the pupils to make positive gain. Figure A2 in the
appendix also shows how the distributions of children in the positive and negative gain groups
are different.

We understand our proposed metric for assessing the impact of an intervention is not likely to
be free from controversy because some researchers and statisticians consider reporting continuous
scores as a binary outcome a bad practice, similar to the criticisms of BESD as it potentially loses
data in representing the overall effects. However, there is also no benefit in reporting an arbitrary
metric like an effect size, which is difficult to communicate to policymakers, parents, and schools,
if it is not interpreted and understood correctly. It is interesting to note that our proposed
method is strongly correlated with effect size (correlation ¼ 0.92), although this would be
expected given that the threshold between positive and negative gains are data dependent. Table
A1 in the Appendix provides the estimated effect size and gain index, while Figure 5 shows the
association between our proposed “gain index” and Hedges’ effect size for eighteen trials, simi-
larly funded by the EEF (Xiao et al., 2016).

Simulation study

A simulation study was conducted to investigate the performance of the finite component mix-
ture model with varying number of pupils and schools. Assuming the average score for the� ve
gain group is �1.89 with a residual variance of 35.05 and the variance of random effect is speci-
fied as 3.13, we simulated two components mixture model using Equation (3) as

f ðyisjbsÞ ¼ ð1� zisÞT ð�1:89þ bs, 35:05, 2Þ þ zisT ðl2 þ bs, 35:05, 2Þ: (4)

where zis � Bernð0:5Þ, bs � Nð0, 3:13Þ and l2 ¼ ; �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
3:13þ 35:05

p
: Note that ; ¼

f0:05, 1, 1:5, 2g is the assumed standardized distance between the� ve gain andþ ve gain group.
We further assumed N ¼ f10, 20g to be the number of pupils per school and M ¼ f10, 20, 30,
40, 50g to be the number of schools. For each combination of the parameters (;, n, m), 1000

Table 4. A 2� 2 display of percentages of children in the intervention and comparison groups that were classified to have
made negative or positive gains between pre and post-intervention periods.

Trials Randomization
Gains

Proportion Gain Index
�Ve Gain þVe Gain

Trial 1 Intervention 59 90 0.60 0.13 (0.03, 0.22)
Comparison 75 67 0.47

Trial 2 Intervention 88 71 0.45 0.12 (0.03, 0.21)
Comparison 97 46 0.33

Trial 3 Intervention 58 35 0.38 0.01 (�0.08, 0.12)
Comparison 56 33 0.37

Trial 4 Intervention 120 79 0.40 �0.04 (�0.12, 0.03)
Comparison 106 86 0.44
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independent data were simulated from a t-distribution with two degrees of freedom. Note that
the parameters for the simulation setting were informed by the data from Trial 1. The goal of the
simulation study is to investigate the sensitivity and specificity of the proposed two components

Figure 4. Distribution of posterior probability for positive gain group in each trial.

Figure 5. Strong correlation between the gain index and effect size commonly reported for educational interventions.
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mixture model. The sensitivity refers to “true positive” i.e. how well it classified children assign to
theþ ve gain group and specificity refers to “true negative” i.e. how well it classified children
assigned to the� ve gain group.

Simulation results

The simulation results are presented in Table 5. As expected, the bigger the distance between the
two groups the higher the specificity and the sensitivity of the mixture model. The sensitivity and
specificity for a distance of one standard deviation (1 SD) is more than 80%. However, only about
50% of the children in the intervention and the comparison groups were correctly classified when
the distance was 0.05 SD. This is expected since the distribution of the two components can be
approximated due to the proximity of their individual distribution. Note that the distance
between the two components in all the trials analyzed in this paper were bigger than 1 SD (See
GT – GC in Table 3 for example).

Conclusion

The growing concern about null hypothesis significance testing as proof of effectiveness is only a
part of the problem with quantifying evidence. A bigger issue is how evidence is communicated
to educational stakeholders such as policymakers, parents and teachers. The current practice of
reporting an effect size (standardized mean difference) and its associated confidence interval is a
better approach for reporting findings from education trials than just a p-value. However, we
know that an effect size is not easily understood by education stakeholders. This paper, therefore,
proposed a pragmatic approach for analyzing education trials to improve communication and the
interpretation of evidence for policymakers, parents, and schools. The gain index as proposed in
this paper is not just a transformation of the effect size, but a more intuitive metric that relies on
the latent patterns in the data. It relies on the expectation that an effective educational interven-
tion will have at least two underlying distributions for the children with positive and negative
gains. The proposed framework enables interpretation of the impact of an intervention in terms

Table 5. Investigation of classification accuracy for two-component mixture model using sensitivity and specificity.

Standardized distance between� ve gain group andþ gain group in standard deviation (SD)

0.05 SD 1 SD 1.5 SD 2 SD

m n Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity

10 10 0.52 0.52 0.84 0.85 0.94 0.94 0.98 0.98
(0.42, 0.63) (0.41, 0.63) (0.69, 0.97) (0.69, 0.97) (0.84, 1.00) (0.83, 1.00) (0.92, 1.00) (0.92, 1.00)

20 0.52 0.52 0.85 0.84 0.94 0.94 0.98 0.98
(0.45, 0.60) (0.45, 0.6) (0.72, 0.95) (0.72, 0.95) (0.86, 0.99) (0.86, 0.99) (0.94, 1.00) (0.94, 1.00)

20 10 0.52 0.52 0.84 0.85 0.94 0.93 0.98 0.98
(0.45, 0.60) (0.45, 0.6) (0.73, 0.95) (0.73, 0.94) (0.86, 0.99) (0.86, 0.99) (0.94, 1.00) (0.94, 1.00)

20 0.52 0.52 0.84 0.84 0.93 0.93 0.98 0.98
(0.47, 0.58) (0.47, 0.58) (0.76, 0.92) (0.76, 0.92) (0.89, 0.97) (0.88, 0.97) (0.95, 1.00) (0.95, 0.99)

30 10 0.52 0.52 0.85 0.84 0.93 0.93 0.98 0.98
(0.47, 0.59) (0.46, 0.59) (0.73, 0.93) (0.74, 0.93) (0.88, 0.98) (0.87, 0.98) (0.95, 1.00) (0.95, 1.00)

20 0.52 0.52 0.84 0.84 0.93 0.93 0.98 0.98
(0.48, 0.56) (0.48, 0.56) (0.77, 0.91) (0.76, 0.91) (0.89, 0.97) (0.9, 0.97) (0.96, 0.99) (0.96, 0.99)

40 10 0.52 0.52 0.84 0.85 0.94 0.93 0.98 0.98
(0.47, 0.57) (0.47, 0.57) (0.75, 0.93) (0.75, 0.92) (0.89, 0.97) (0.89, 0.97) (0.95, 0.99) (0.95, 0.99)

20 0.52 0.52 0.84 0.84 0.93 0.93 0.98 0.98
(0.48, 0.56) (0.48, 0.56) (0.78, 0.9) (0.78, 0.9) (0.9, 0.96) (0.9, 0.96) (0.96, 0.99) (0.96, 0.99)

50 10 0.52 0.52 0.85 0.84 0.94 0.93 0.98 0.98
(0.47, 0.57) (0.47, 0.57) (0.76, 0.91) (0.76, 0.91) (0.89, 0.97) (0.89, 0.97) (0.95, 1.00) (0.96, 1.00)

20 0.52 0.52 0.84 0.84 0.93 0.93 0.98 0.98
(0.49, 0.55) (0.49, 0.56) (0.79, 0.89) (0.79, 0.89) (0.9, 0.96) (0.9, 0.96) (0.96, 0.99) (0.96, 0.99)
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of percentages of children that make progress between the pre and post-intervention period. It is
an important metric that can help parents, teachers, and policymakers to understand that a posi-
tive finding from a randomized controlled education trial does not mean that every child benefits
from the intervention. We have also shown that some children will make progress over time due
to the normal activities in school or resulting from individual home support for the pupils. Some
children may also benefit from an educational intervention beyond normal school progress. This
work is therefore a positive step toward identifying more targeted or personalized support for
struggling children, by identifying a group that appears to have progressed as a result of the inter-
vention. It also has the potential to identify pupils that do not benefit from an intervention and
facilitate empirical investigation of why an intervention may be effective for some pupils and
not others.

The proposed gain index should also have implications for the economic analysis of educa-
tional interventions. The evaluation of the cost and benefit of an intervention based on the total
number of pupils in the intervention group is likely to underestimate the true cost and benefit of
the intervention. For an intervention that costs £1000 in a trial with 100 pupils in the interven-
tion group, assuming zero cost for the comparison group, the crude cost per child is £10, but this
is only the case if the intervention is equally beneficial for all the pupils in the intervention group.
Suppose only 20 out of the 100 pupils in the intervention (20 percent) benefited from the inter-
vention, then the actual cost per pupil who benefits is £50. Understanding that a positive finding
from an intervention does not imply positive effects for all pupils is important for parents, teach-
ers, and policymakers.

Lastly, the gain index is based on a Bayesian finite mixture model and its estimation process
can be computationally intensive. However, the computational problem can be overcome by using
suitable software such as R2jags and R2winbugs packages of R, Stata (Thompson et al., 2006) and
SAS (Zhang et al., 2008) which can interact with Winbugs (Lunn et al., 2000). Winbugs is a stat-
istical software package used for Bayesian analysis using Markov chain Monte Carlo methods.
Furthermore, the proposed modeling approach can easily be implemented by adopting the freely
available WinBUGS programme (MRC Biostatistics Unit, University of Cambridge, 2020). It can
also be implemented using “proc mcmc” procedure in SAS statistical software. We have focused
on the Bayesian finite mixture model with only two components because the primary interest of
this study was in those pupils who made either positive or negative gain. However, it is possible
to apply this method to more than two components. The direction set by our proposed method
is mainly for understanding more clearly who might benefit from an intervention (and import-
antly who might not) which is important in terms of educational equity. We strongly believe that
this paper is a positive addition to the existing literature on the estimation and communication
of evidence in education.
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