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Design overview

Weighted difference-in-differences
esign type

Unit of analysis .
(school, pupils) Schools — with all outcomes at school level

206 intervention schools (92 primary and 113 secondary

Number of Units or middle deemed secondary schools, 1 all-through
(arisipenitont @aloigsiont - school); up to 1275 control schools. Recruitment
completed in September 2018.

No primary outcome measures available due to impact
of Covid-19 pandemic.
Originally planned but cancelled:
Pupil attainment in STEM:
- Key Stage 2 (KS2) attainment in mathematics
KS4 attainment in mathematics and STEM subjects

primary

Outcomes Pupil progression:

- KS5 enrolment in mathematics and STEM
Teacher attrition (update: secondary teachers only —
see Appendix C):

- Teacher leaving the school (turnover)

- Teacher leaving the profession (wastage)

secondary

Outcome primary N/A
sources

(instruments, secondar Pupil progression: National Pupil Database
datasets) y Teacher turnover: School Workforce Census
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Intervention

Aspire to STEM (AtS) is a complex whole-school intervention aimed at improving primary and
secondary school pupil outcomes in subjects related to science, technology, engineering and
mathematics (STEM). AtS uses a model where clusters of between 3-10 schools in the same
geographical area share resources and support to form a partnership, in order to build a
sustainable ‘community of practice’ in STEM, adapted to their local needs and context.

As part of this intervention, each cluster of schools receives: (i) funding (£25,000) for bespoke
continuing professional development (CPD) for teachers and leaders; (ii) career guidance for
students; (iii) access to STEM inspiration and enrichment activities delivered by a network of
STEM Ambassador volunteers; and (iv) access to online resources via the STEM Learning
‘STEM Club infrastructure and eLibrary’. The intervention is designed to lead to improvements
at three levels in the schools:

(1) Leaders (improved leadership, new relationships with STEM employers, better engagement with
parents, families and the community);

(2) Teachers (increased confidence, motivation and competence in teaching STEM, better knowledge and
ability to use real-life and industry contexts, improved teacher retention);

(3) Students (raised aspirations and ultimately, improved STEM outcomes).

The following updated Template for Intervention Description and Replication (TIDieR)
framework for the intervention has been agreed on as part of the initial IDEA workshop in April
2018, and revised further in ongoing communication with the implementation team.

Aspire to STEM (AtS)

Aspire to STEM tackles low pupil aspiration through improved STEM teaching. The
intervention team believe that improved STEM teaching more than anything else can improve
pupil opportunity and drive social mobility. Via improved STEM teaching, leadership and
community engagement, the intervention aims to raise aspirations and career awareness
among students, and ultimately improve student STEM academic outcomes. See Figure 1 for
a Theory of Change.

The intervention primarily targets teachers and leaders of STEM subjects and school senior
leaders.

Aspire to STEM is being implemented as a part of the Teaching and Leadership Innovation
Fund (TLIF), a 3-year initiative in England to support high-quality professional development
for teachers and school leaders.! The programme will see STEM Learning support 40
partnerships of schools located either in 12 areas designated as Opportunity Areas (OAs) or
in Local Authority Districts (LADs) which are rated lowest in England (identified as LADs 5 or
6). OAs were announced in 2016-2017 as areas “identified as the most challenged when it
comes to social mobility” by the Department for Education (DfE)?. These areas were identified
drawing on the Social Mobility Index and the Achieving Excellence Areas Index (DfE, 2017:
1). The Opportunity Areas include 12 locations: West Somerset, Norwich, Blackpool, North
Yorkshire coast, Derby, Oldham, Bradford, Doncaster, Fenland and East Cambridgeshire,
Hastings, Ipswich, and Stoke-on-Trent. LADs rated 5 and 6 by DfE (within 1 to 6 range) are
local authority districts with the lowest scores on composite indicators that include measures

1 https://www.gov.uk/guidance/teaching-and-leadership-innovation-fund
2 https://www.gov.uk/government/news/social-mobility-package-unveiled-by-education-secretary



of pupil attainment, such as Progress 8 scores, and “capacity to improve indicators” identified
by DfE, such as the number of teacher trainees per 10,000 pupils (DfE, 2016: 10-11).

To be eligible for TLIF, schools in these areas have to be rated ‘requires improvement’ or
‘inadequate’ (3 or 4) in their most recent Ofsted inspection.® Schools rated as ‘good’ schools
can join the programme on DfE approval of the rationale.* A number of schools in the eligible
areas did not have an Ofsted rating at the time of recruitment, for instance because the
previous school was closed and became an academy, and these schools were considered
eligible as well. For the purposes of this study, the school were considered enrolled in the
programme (intervention arm) based on the schools joined by 16 October 2018 (“quasi-
randomisation” date; Anders, 2017).

Participating schools will be offered a variety of face-to-face and online CPD activities,
complemented by teaching resources identified by the schools with the support of educational
leads. Additionally, the programme targets pupil aspirations through targeted inspiration and
enrichment activities (see Figure 1 for examples). Both physical and informational materials
are tailored to individual partnership needs.

Delivery will be implemented by STEM Learning quality assured providers, including the
National Stem Learning Centre subject expert team, STEM Learning’s Network of Science
Learning Partnerships, external educational experts and trusted partner organisations (Maths
Hubs, Institute of Physics), as well as ‘STEM ambassadors’ who are STEM professionals
registered and trained by STEM Learning.

Each partnership will be supported by an educational lead, an education expert who will help
schools with needs analysis and action planning and then help the partnership plan and
implement the required activities.

Online and face-to-face.

Various — on-site at school or a partnering school, Science Learning Partnership or regional
centre and at the National STEM Learning Centre.

Approximately 2-year support package, ending March 2020. Each partnership will have
access to £25,000 of support. The amount is allocated by schools collectively, primarily to
cover costs of CPD. There is no rule that schools will spend a specific proportion of the
amount, e.g. equal amounts of the total. The money is overseen by STEM Learning who have
to approve the expenses.

To ensure the feasibility of intervention roll-out, schools were recruited in two cohorts, and
there are some differences between the timing of recruitment in the two cohorts.> Namely,
recruitment started approximately one school term earlier in Cohort 1 (Spring 2018 for Cohort
1 versus Autumn 2018 for Cohort 2) but implementation ends for both cohorts in March 2020
(see Figure 2). Thus, the programme lasts under two years for Cohort 2 (Sept 2018 — March

3 https://lwww.gov.uk/guidance/teaching-and-leadership-innovation-fund-programmes-for-teachers-
and-school-leaders#eligibility

4 The evaluation will record the Ofsted ratings for schools included in the study.

5 Schools in the same partnership all belong to the same cohort



2020). In practice, however, some Cohort 2 schools moved through the implementation
process faster and started CPD earlier than some Cohort 1 schools. Therefore, schools from
both Cohorts are analysed jointly in this evaluation.

Individual schools will have undergone a needs analysis with the help of the STEM Learning
educational lead in order to identify their bespoke support needs. Following this, partnership
leads agree on an action plan for the partnership. Resulting in a combination of individual
school and a wider partnership support package. It is envisaged that each partnership (40 in
total) will have a focus specific to its STEM-related needs.

STEM Learning have delivered school centred partnerships for a number of years with great
success. Using this model, and acknowledging potential concerns due to the nature of the
target audience, each partnership will be allocated a dedicated educational lead. Both the
schools and educational leads will have access to a number of support and assistance
services.
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Figure 1. Intervention logic model
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Study rationale and background

Continued professional development (CPD) is regarded as a “key lever for improving teaching”
(Opfer, 2016: 3) in existing literature. Although robust evidence is still limited, a recent
randomised trial of professional development in Australia found a statistically significant
improvement in observer-rated teaching quality following a pedagogy-based, collaborative
professional development intervention (Gore at al., 2017). It has been recommended that
sustained, active and collaborative CPD is most likely to lead to changes in teacher practice
and pupil outcomes (Opfer, 2016). However, the evidence in this area also has important
methodological limitations (Sims and Fletcher-Wood, 2018), and several CPD programmes
with the characteristics described above did not demonstrate changes in pupil outcomes (e.g.
Garet 2011; 2016).

Aspire to STEM is being delivered by a well-established organisation for the provision of
school -led STEM CPD — STEM Learning. STEM Learning have a wide reach in England — for
example, between 2010/11 and 2012/13, at least one teacher from 83% of all secondary
schools has attended a course organized by the National STEM Learning Network (Allen &
Sims, 2017). In total, between 2010/11 and 2012/13, 25% of science teachers in England
attended at least one STEM Learning course (Allen and Sims, 2017). Although some of the
previous STEM Learning CPD initiatives have been evaluated, they have not been evaluated
with rigorous counterfactual designs focusing on changes in pupil outcomes, such as the one
proposed here.® This research thus has the potential of filling an important evidence gap on
the effectiveness of CPD and enrichment programmes in influencing pupil STEM learning.

Furthermore, Aspire to STEM may be able to contribute to addressing the challenges of
training and retaining STEM teachers (Bélanger and Broeks, 2016). Research in the US
suggests that high teacher turnover negatively affects student attainment (e.g., Atterberry et
al, 2016), and teacher turnover and shortages are also a concern in the UK, especially as pupil
numbers are increasing (Foster, 2018). While STEM teachers are more likely than non-
science teachers to leave the profession, CPD may help increase their retention (Allen and
Sims, 2017). A study by the Education Datalab (Allen and Sims, 2017), drawing on the School
Workforce Census 2010-2015 (SWC), found that for secondary school STEM teachers,
participation in STEM Learning CPD was associated with an increase in odds of staying in the
profession by 160 percent.

Another set of estimates, at the department level, suggested that science departments where
at least one teacher went on a STEM Learning training course had a decrease of 4 percentage
points in the proportion of teachers leaving the profession in the two years following CPD
(Allen and Sims, 2017: 9). The authors suggest that this is a substantial difference, as the
science departments where no staff participated in the courses had around 10% of teachers
leaving the profession per annum. It is important to note that while the teachers who attended
CPD were matched with comparison teachers on a range of teacher demographic and career
characteristics as well as school characteristics, there might be unobserved differences
between teachers who attended CPD and those who did not that also influence the differences
in leaving the profession. The relation of STEM Learning CPD to retaining teachers in their
school (as compared to moving to another state school) was less conclusive in the study, with
the most rigorous models not identifying any impact of CPD attendance on teacher retention
within the same school.

Primary and secondary schools

Aspire to STEM includes both primary and secondary schools. There are differences between
how the intervention operates in primary and secondary schools. In primary schools, it is

6 See evaluation reports at https://www.stem.org.uk/impact-and-evaluation



https://www.stem.org.uk/impact-and-evaluation

common for teachers to be generalist and degrees in STEM subjects are not expected. In
secondary schools, teachers are expected to have relevant education and/or experience to
be able to teach STEM subjects. Therefore, teachers in primary and secondary schools differ
in the type of STEM CPD support they need. Given the differences between science teaching
and, as a result, Aspire to STEM delivery, in primary and secondary schools, we can think of
the Aspire to STEM in primary and secondary schools as two versions of the programme. This
suggests — as we discuss below — a need to conduct analyses separately for primary and
secondary schools. Furthermore, a combined average effect would not be applicable to either
primary or secondary schools.

Impact evaluation

Research questions

Update May 2021: Due to the cancellation of 2019/20 and 2020/21 KS2 and KS4
examinations in England as a result of COVID-19 the evaluation research questions have
been adapted. Below we outline the plans as originally planned and specify where changes
have taken place.

This study attempts to explore outcomes for schools that implement Aspire to STEM
compared to schools running business as usual in terms of STEM CPD and enrichment. The
research questions this study addresses are:

Impact questions:

1. Does Aspire to STEM lead to improvements in pupil attainment in KS2 Maths, KS4
Maths and other KS4 STEM subjects compared to ‘business as usual’ (in primary or
secondary schools)?

2. Does Aspire to STEM lead to a higher proportion of students opting to take STEM
subjects at KS5, compared to ‘business as usual’ (in primary or secondary schools)?

3. Does Aspire to STEM lead to fewer (STEM) teachers leaving their school (teacher
turnover), compared to ‘business as usual’ (in primary or secondary schools)?

4. Does Aspire to STEM lead to fewer (STEM) teachers leaving the profession (teacher
wastage), compared to ‘business as usual’ (in primary or secondary schools)?

Update May 2021: Due to COVID-19 disruptions, Impact question 1 above can no longer be
explored as part of the evaluation as KS2 or KS4 outcome data is not suitable for analysis.

Questions 3 and 4 refer to all teachers in primary schools and STEM teachers specifically in
secondary schools — see “Teacher outcomes” section below for the definition of a STEM
teacher.

Update January 2025: Due to sample size issues with primary schools, questions 3 and 4
will now be analysed for secondary STEM teachers only. For further discussion, see
Appendix C.

Implementation and process evaluation questions:

5. How well was Aspire to STEM implemented in schools?
6. What are the typical components of Aspire to STEM?
7. What are the barriers and enablers for implementation of Aspire to STEM?

The evaluation of Aspire to STEM will be conducted at school level, using administrative data.
The evaluation will focus on comparing change over time in outcomes in the schools that
enrolled in Aspire to STEM to change over time in eligible schools that did not enrol in Aspire
to STEM (see Study Design section below for more details).



All intervention schools enrolled on the quasi-randomisation date will be included in the
analyses as intervention schools, even if they later drop out from the intervention. Schools
may join the programme after this date, but only those schools already participating at the
guasi-randomisation date will be included in the treatment condition for the evaluation.
Similarly, for the main analyses all comparison schools will be included based on the status
at the time of quasi-randomisation.

Participants

Aspire to STEM is a whole-school intervention. Inclusion/exclusion criteria for schools are
defined above. To facilitate creation of partnerships, STEM Learning prioritised recruitment by
examining Google Maps to focus on areas where many eligible schools are located in
proximity of each other, meaning that isolated schools otherwise eligible would not be
approached because of location. This has the benefit of offering a means to create alternative
comparison groups (discussed below). The recruitment process also aimed to keep all schools
within an education authority together as these schools are likely to have existing
collaborations.

Outcomes

Timelines

The outcomes for the study reflect both the aims of the intervention and the anticipated long-
term benefits for pupils arising from having more skilled/better resourced STEM teachers and
leaders working in schools. The timelines for anticipated outcomes were selected in
consultation with STEM Learning based on their experience.

Update May 2021: The initial study design saw primary outcome measures (KS2 and KS4
outcomes) available in January 2021. However due to the impact of the COVID-19 pandemic,
these are no longer relevant to the impact analysis.

Update May 2021: The initial study timeline would have had the teacher retention and KS5
outcomes reported as an addendum to the primary outcome report. Due to the impact of the
COVID-19 pandemic, this timeline has now changed. There will now only be one report due
in July 2022 (draft to EEF) that will include analyses on teacher retention outcomes and KS5
outcomes.

Update January 2025: Due to issues with the use of TWANG within the SRS, the PSM
approach had to be adapted.

Cohorts 1 and 2

Outcomes from the same academic years are considered for all schools to maximise
comparability. As there was a lot of variation in school implementation timelines, for instance
some schools in Cohort 1 finalising their action plans later than schools in Cohort 2, we have
decided to analyse both cohorts jointly.
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Table 1. Timeline of anticipated school-level outcomes

AtS impact timeline Measure Collected Outcome
by DfE measure

available for
analysis

(approximate)

Secondary outcome: KS5 (progression  June 2021 January-March

_ data) 2021 2022
STEM take up - number of pupils

entered in STEM A-levels in
2018/2019 (data available online
after A-levels are taken)

Secondary outcomes: School Workforce November November 20217

_ Census 2020 2020
- Teacher wastage (leaving the

profession)

- Teacher turnover (leaving the
school for another government
school)

SWC data to be requested from
DfE)

Update May 2021: For simplicity, the above table includes only the outcomes that
will be available for the evaluation.

Pupil outcomes

Update January 2025: As a result of the COVID-19 pandemic national exams were cancelled
in 2020, and therefore the primary outcome data (KS2 and KS4) could not be collected.
Information on the initial choice of primary outcomes (KS2 and KS4) is available in the original
Study Plan.®2 A decision was made to continue with the secondary outcomes as planned.
However, whilst preparing the pupil outcomes it became evident that only a portion of KS4
settings in the treatment and counterfactual groups have an associated KS5 setting. This
means that the sample size available for evaluation is considerably smaller, since the outcome
relies on identifying the proportion of pupils taking a STEM subject at the KS5 setting level.
However, since the intervention occurred at the KS4 setting level, there are only a portion of
these KS4 settings with a KS5 setting in our sample. Despite this, in the absence of access to
the data, the original study plan suggested that outcomes should be measured at the school
level. This decision was made as the intervention was delivered at the school level. In addition,
the primary outcome, now cancelled, was measured at the school level.

However, to try and improve the potential sample size, we have explored the possibility of
constructing an alternate pupil outcome. We have assessed the possibility of using the KS5
outcomes of pupils who attended a treatment or control KS4 setting, regardless as to whether

8 Please see page 11 of the original Study Plan available through this link
https://educationendowmentfoundation.org.uk/public/files/Projects/Aspire_ to STEM Study Plan 201
9.02.08 ACCEPTED.pdf

8 Please see page 11 of the original Study Plan available through this link
https://educationendowmentfoundation.org.uk/public/files/Projects/Aspire_to STEM Study Plan 201
9.02.08 ACCEPTED.pdf
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this was in an associated KS5 setting. This outcome will represent the proportion of pupils
who undertook a STEM subject at KS5, but associated with the KS4 setting that they attended.
However, since this outcome is slightly different to that originally proposed, it also has different
data requirements within the SRS. This is because only KS5 outcomes in a KS5 setting
attached to a treatment or control KS4 setting were originally requested. Therefore, we are
currently beginning the process of requesting the additional KS5 outcome data required for
the analysis (i.e., KS5 outcomes for pupils who attended a treatment or control KS4 setting,
but did not continue within a KS5 setting attached to their KS4 setting). The section below
outlines the rationale behind the choice of outcomes that are still available for this evaluation.

At KS5, recent reforms mean that AS grades do not contribute to A-level grades, but it is not
clear yet how this will affect the number and type of pupils who enrol in AS-levels and sit AS-
level exams. The evaluation of impact on progression to KS5 STEM subjects will focus on
enrolment in A-levels, but will also aim to incorporate AS-levels progression for the same
cohort of pupils. However, we will not combine AS- and A-level data.

While drawing on administrative data offers a practical approach to including many schools in
the evaluation, one limitation of the approach is that, focusing on the school level results, we
are not able to account for student turnover and examine to what extent the results are
influenced by composition effects. Ideally, the analyses would control for prior attainment of
the same cohort of students rather than controlling for earlier attainment at that age in the
same school.

Teacher outcomes

We focus on whether the intervention affects the percent of teachers staying in the same
school. As mentioned above, teacher may leave either due to going to another school
(turnover) or due to leaving the profession altogether (wastage). As the Census does not
include private schools, moving to them is considered equivalent to leaving the teaching
profession as the teacher is no longer present in the Census.

All schools start implementation between two rounds of the Census (November 2017-
November 2018). We propose to define teacher wastage so that the wastage variable for
school m in period t is defined as the proportion of teachers who were teaching in period t-1
in that school and are no longer teaching in any state school in period t. Similarly, teacher
turnover is the proportion of teachers who are no longer teaching in the school m in period t.
Specifically, our secondary outcomes analysis will examine whether or not teachers have left
the school in Autumn 2019 (based on Census in November 2019), compared to 2018-2019
academic year (Census in November 2018). This definition allows for consistency with
baseline weighting variables (wastage/turnover in previous year). We will aggregate the
teacher-level information on wastage and turnover to the school level.

In addition, it is important to consider the definition of a “STEM teacher”. We propose to follow
the definition used by Allen and Sims (2017), where in secondary school, a science teacher is
someone who in the focal period (in this case, during Aspire to STEM recruitment period,
academic year 2017/2018) has taught science for greater than or equal to half of their
timetabled teaching hours, and spent at least one hour a week teaching science. Thus, if a
teacher taught for 2 hours a week, one of which was science they would be considered a
STEM teacher in this study.

Several caveats apply to using the SWC. There is a considerable amount of missing data in
the Census at subject level, so for subjects not included into the top-level subject of “science”.
For subjects such as computer science, relevant following a definition of STEM in this
evaluation, there is likely to be missing data leading to smaller number of STEM teacher
identified (Sam Sims, personal communication, 17 September 2018). Furthermore, teachers
who have not been yet put on the official payroll at the time when Census data are submitted,
would not be included in the Census (for instance early career teachers). As data are provided
at teacher level, our analyses will require generating school-level values for wastage and
turnover.

12



In primary school, as all teachers are involved in teaching STEM subjects, all teachers would
be included in respect to retention. As mentioned already, given the noteworthy differences
between how the intervention operates and how the outcomes are defined in primary and
secondary schools, we propose to explore effects separately for both types of schools (see
“Outcomes” below).

Update January 2025: The above refers to primary school analysis initially planned. However,
after undertaking PSM, the remaining sample size is so low that the analysis of primary
schools is substantially underpowered. We will therefore only analyse secondary STEM
teacher outcomes using the SWC. See Appendix C for justification.

13
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Update May 2021: Figure 2 below outlines the timeline for the programme implementation and data collection. However, please note that
due to COVID-19 driven changes to the evaluation KS2 and KS4 attainment data will no longer be collected. Only teacher retention and KS5
enrolment data will be obtained and analysed.

Figure 2. Timeline for implementation and study outcomes

Matching data

2015/16, 16/17(2017/18 2018/19 2019/20 2020/21 2021/22 2022/23
Autumn Spring  Summer | Autumn  Spring  Summer | Autumn Spring Summer Autumn Spring Summer Autumn Spring Summer | Autumn Spring
COHORT 1
Implementation
COHORT 2
Implementation
Data available
Data for outcome
collected:  analysis:
VvV KS2/4 v/ KS2/4 data
data from from 2019/20
KS2 & KS4 |/ (December/) 2018/19 (outcome
(May-June) |anuary) KS2 & KS4 (testyear) KS2 & KS4 year)
2018/2019 ¢/ Data for
KS5 A Level Enrollment those
enrollment in KS5 for enrolled in
(June) 2021 KS5in
i KS5 exams

KS5exam [¢/(March) | L T taken
Teacher
retention v/ Retention
(November) |¢/(November) Retention 2020/21

Note: In bold are the time points used for outcome analyses.

14



Study Plan for Aspire to STEM

Education
Endowment
Foundation

oS

Table 2. Primary/Secondary Outcomes and Data Sources

Primary*
CANCELLED

Primary*
CANCELLED

Secondary

Secondary**

KS2 Mathematics (school level datasets
released by DfE)®

KS4 Mathematics and KS4 Science GSCE
subjectstt

KS5 take-up of STEM A-level subjects

School Workforce Census 2020

Pupil attainment in primary school
(school average)

Pupil attainment in secondary
school (school average)

Pupil progression (school
average)

STEM teacher attrition (school
average):

1. Wastage

2. Turnover

PTMAT_EX - % of pupils achieving the expected
standard in maths at KS2 (test-based)!°. See
Appendix 1 for additional details on KS2 Maths
variables.

Average GSCE grade across the STEM
subjects?? OR

Percentage of pupils with grades 9-4 in STEM
subjects.

“Total entries” for all STEM subijects (divided by)
TPUP1618 - “Number of 16-18 year old students
in sixth form”

- SchoolYear

- StaffMatchingReference
- QualifiedLeaverType

- Subject code

- Hours

*Update May 2021: Due to changes in the availability of KS2 and KS4 data as a result of COVID-19, both primary outcomes have been foregone. They are
left in this table for reference of what was initially planned.

*Update January 2025: Due to small sample sizes after PSM performed, any primary school analysis would be underpowered. Therefore, we will move

forward with analysing this outcome only for secondary STEM teachers. See Appendix C for further discussion.

9 https://www.compare-school-performance.service.gov.uk/download-data

10 Note that an alternative approach would be to use MAT_AVERAGE, scaled score in maths — see Appendix 1 for details.

11 Science subjects include all relevant science subjects, such as Mathematics, Biology, Chemistry, Computer Science, Computer Technology, D & T Engineering, D & T
Product Design, D & T Resistant Materials, D & T Textiles Technology, Electronic Engineering (General), Electronics (Physics), Engineering Studies, Physics (General),

Science (General/Combined), Statistics
12 Data are arranged by subject, with the number of pupils who earned each grade available.
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Sample size calculations

Based on STEM Learning school recruitment lists, we present the numbers of eligible and
enrolled schools in the tables below (Tables 3 and 4).

Table 3. Overview of eligible schools

Primary schools 1,007

Secondary schools (incl. middle schools deemed 392
secondary)

Secondary special schools?!? 1
All-through schools (including both primary and secondary) 9
Total 1,409

Table 4. Overview of Aspire to STEM enrolled schools

Primary schools 92

Secondary schools (incl. middle schools deemed 112
secondary)

Secondary special schools 1
All-through schools (incl. both primary and secondary) 1
Total 206

We calculate MDES separately for primary and secondary schools as intervention effects will
be presented separately. This is because a combined (averaged) effect would not be
applicable to any school if one mixes primary and secondary schools together.

Primary schools

Update January 2025: The below was included in the original Study Plan, as it was envisaged
that primary school analysis would be undertaken. However, after matching, it is apparent that
primary school analysis will be underpowered and so we will proceed only with secondary
school analysis. This is discussed in further detail in Appendix C.

There are few clear guidelines on power calculations for quasi-experimental designs (Hedges,
2017). We base the minimum detectable effect size calculation for primary schools on two
scenarios:

1. A1:1 allocated individually randomised controlled trial, 184 schools in total (92 schools
in treatment and control respectively).

2. A 1:9 allocated individually randomised controlled trial, treatment group of 92 schools,
comparison group of 828 (10% of schools allocated to treatment, with 9 comparison
schools compared to one treatment school), 920 schools in total.

13 Special schools will not be included into the study.
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These scenarios are based on the numbers of eligible schools and enrolled intervention
schools, provided by STEM Learning, as presented in Tables 3 and 4. Namely, from 1,007
eligible primary schools, 92 were enrolled, leaving up to 915 schools for comparison.
Increasing the number of schools increases precision of estimates, and we have used the
minimum and maximum to illustrate the impact that different scenarios might have.

Table 5 compares scenarios 1 and 2. In the first scenario, using power calculations for an
individually randomised trial with a 1:1 allocation ratio as a benchmark, the minimum
detectable effect size would be d = 0.322. This represents the ‘worst case scenario’ as we
anticipate being able to include more schools in the analysis. In the second scenario, a 1:9
allocation ratio, the minimum detectable effect size would be d = 0.239. This is an optimistic
estimate of MDES because not all schools would contribute equally in the weighted design
even if they could all be included, but it provides a justifiable ‘best case scenario’. However,
given the weighting approach, the effective sample size and MDES may be lower. Assuming
a 25% reduction in the effective sample size, MDES for primary schools may lie between 0.276
and 0.372.

In both scenarios we use the following parameters: an alpha of 5%, desired power of 80%,
40% of variance in the outcome explained by covariates. Power calculations were completed
using PowerUp! (Dong and Maynard, 2013).

Table 5. Minimum detectable effect sizes based on proposed study design for primary
schools

Study Plan

‘ Allocation ratio

1:1 1:9
(worst case) (best case)

MDES 0.322

Percent of variance in
outcome explained by 40 40
covariates

Alpha 0.05 0.05
One-sided or two-sided? Two Two

intervention 92 92

Number of schools control 92 828

184 920

MDES is based on two individually randomised controlled trials, one with 1:1 allocation and the other with 1:9
allocation, based on the number of eligible primary schools.*

While the number of pupils does not directly affect our ability to detect intervention effects in
this study, based on average school numbers in 2015/16 (Jackson, 2017), we note that
approximately 23,920 children could be affected by Aspire to STEM intervention (as 260 pupils
attend an average primary school, with 92 intervention schools in the programme). Adding in
the potential comparator schools means the number of pupils whose schools are included in

14 We do not propose to correct for multiple outcome testing as we are conducting outcome analyses
on two different groups (populations: primary and secondary schools).
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the evaluation would be at least doubled — and in practice would be many times more (e.g.
1:9 matching would ~250,000 pupils).

Secondary schools

Similarly, Table 6 compares scenarios 1 and 2 for secondary schools, based on the numbers
of eligible and recruited schools. In the first scenario, using power calculations for an
individually randomised trial with a 1:1 allocation ratio as a benchmark, the minimum
detectable effect size would be d =0.291. In the second scenario (1:2 allocation), the minimum
detectable effect size would be d = 0.253. As for primary schools, these scenarios are based
on the numbers of eligible schools presented in Tables 3 and 4. Out of 392 secondary schools
(including middle schools deemed secondary), 112 were enrolled in Aspire to STEM, leaving
over 200 schools for comparison. Assuming a 25% reduction in the effective sample size due
to the weighting, MDES for secondary schools may lie between 0.292 and 0.337.

Table 6. Minimum detectable effect sizes based on proposed study design for

secondary schools
Study Plan

Allocation ratio
1:1 1:2
MDES

Percent of variance in outcome school-
explained by covariates level

Alpha

Power

One-sided or two-sided?

intervention

Number of schools control

MDES is based on two individually randomised controlled trials, one with 1:1 allocation and the other with 1:2
allocation, based on the number of eligible secondary schools.

With an average secondary school size of 910 pupils (Jackson, 2017), the 112 interventions
schools would include roughly 101,920 pupils.

Study design

Update May 2021: The approach outlined below remains the same, with the exception that
no primary outcomes are available, due to the impact of the COVID-19 pandemic.

We propose a difference-in-differences design, using inverse probability weighting (IPW) on
the propensity score to improve the suitability of comparator schools. The steps in our analysis
are: (1) choosing the primary treatment effect of interest; (2) estimating the propensity score;
(3) evaluate the quality of weights; (4) estimate treatment effects.

In the sections below, we clarify our rationale for the selection of these methodologies. Briefly,
propensity score is an individual’s (or unit’'s) probability of receiving treatment or exposure
given the observed pre-treatment characteristics (Williamson et al., 2011). A key motivation
for this approach is that many variables are reduced to a single score. Weighting on the inverse
of the propensity (or probability) score assigns a weight to each observation, based on the
estimated probability of this unit's exposure to treatment. Weighting aims to produce a
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(potential) comparison group that has the same distribution of observed baseline
characteristics as the intervention group (Williamson et al., 2011). The difference-in-
differences approach compares the difference in outcomes between the study groups before
and after the intervention. Overall, the combination of difference-in-difference and IPW allows
investigating programme effects over time, while generating comparable comparison groups
(Stuart et al., 2014).

Table 7 provides an overview of main study design features, with further details described in
the sections below.

Table 7. Overview of study design

Level of comparison and School

analysis

Evaluation approach Difference-in-difference combined with weighting on
the inverse of the propensity score.

Weighting variables See Tables 8 and 9

Sensitivity analyses See section “Robustness checks and identification

assumptions”

We will separate the outcome variables until we have assessed the quality of the weights,
generated as described above. We will not incorporate the outcome data into the model until
the weighting model has been developed. This separation is facilitated by the fact that
outcome data will not become available until 2020.

Propensity score calculation

We will use publicly available data on school characteristics (see Tables 8 and 9 for details)
to produce propensity scores to generate a comparison group for treatment schools based
on observable data (Rosenbaum and Rubin, 1983).

The propensity score is defined as the ‘conditional probability of being exposed [to an
intervention] given the observed covariates, e(X) = P(Z =1 | X)’ (Williamson et al., 2011: 278).
Propensity scores can be calculated in different ways, but a well-known approach is through
a logistic regression:

LOgit('IT) =qa+ ,81X1 + ,82)(2 kak + €

Where Logit(1T) is the log-odds of the probability that the outcome (treatment Yes/No) is equal
to 1, expressed as a linear function of the predictors 1, B2 ... Bk and (prediction error). The
resulting prediction from this model, ranging between 0-1, constitutes the propensity score.

Calculation of the propensity score uses data to estimate the relationship between observed
predictor variables, intervention, and outcomes (Guo and Fraser, 2010). School-level prior
attainment, being in an Opportunity Area or LADs 5 or 6, and low STEM prior attainment are
key variables to predict inclusion in AtS. We have carefully considered what variables to
include based on prior research about STEM attainment (see Table 8). One must
acknowledge that a limitation of propensity scores is that the method accounts only for
observable data in the matching process, which is part of the motivation for combining PSM
with difference-in-differences, as DIiD accounts for all time-invariant unobserved factors
(discussed below).

In addition, as much as possible we will include information on other relevant and recent
interventions in the intervention and comparison schools, for instance previous intensive
STEM Learning programmes and current CPD by the Institute of Physics delivered as part of
TLIF. Institute of Physics (loP) is the only other provider funded by TLIF Round 1 that targets
STEM subjects (physics CPD), and both STEM Learning and loP team coordinated their
recruitment — however, a few schools are enrolled in both loP and STEM Learning
programmes. Furthermore, a later TLIF Round 2 involves other STEM-related providers.
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The main analysis will be to compare AtS schools to schools that did not participate in AtS,
with separate analyses conducted for primary and secondary schools. The ‘did not participate’
group will consist of different reasons for non-participation, which we discuss next, but the
headline result from the study will be a comparison of AtS schools to all non-AtS schools,
based on the quasi-randomisation date.

While we are able to account for a number of school characteristics, important unobserved
variables such as the supportiveness of the senior leadership team may influence both a
school’s decision to join Aspire to STEM and levels of attainment in a school, acting as an
unobserved confounder. However, as suggested by Anders et al. (2017: 25), pre-intervention
pupil attainment trends can also act “as a proxy for school motivation”.

Furthermore, there are several comparisons that could be made to account for potential
differences in school motivation to engage in a demanding CPD programme that we will
explore in sensitivity analyses. The proposed comparisons for this study are to compare AtS
schools to:

1. Eligible schools not approached by STEM Learning, e.g. due to location, by the
guasi-randomisation date (comparison 1)

2. Eligible schools approached by STEM Learning and refused/unable to participate,
by the quasi-randomisation date (comparison 2)

As noted above, comparison groups 1 and 2 will be combined for the main analyses but
explored separately in sensitivity analyses. Each comparison group has its potential
shortcomings. Schools in group 1, not approached for recruitment, are likely to be more remote
and geographically isolated than the intervention schools. Some of the schools in group 2 that
have been approached by STEM Learning have instead taken part in other TLIF interventions,
including the intervention offered by loP. Thus, there will be some equally “motivated” schools
in comparison 2 group, which did not participate because they were already taking part in the
loP Physics programme, or because they decided to prioritise literacy, for example.

Given the focus on the intervention in these geographic locations, choosing schools that could
realistically have been included in the treatment are closer to ‘focal local controls’ (Campbell,
1976). In principle, looking at schools outside of the eligible areas — for instance, similar
schools in proximity to OAs, which did not have a chance to enrol in Aspire to STEM - could
also offer valuable information. However, it is not feasible within the scope of the current study.
A key limitation on the number of comparator schools is the feasibility of data preparation as
schools’ names and ID numbers change over time — while this information is available online,
it requires manual checks that can be time consuming.

Weighting variable selection

The primary goal in selecting predictors is identifying variables that we think are predictive of
either treatment or outcome, or both. However, we also propose to include predictors to help
ensure comparability between intervention and comparator schools, for instance to account
for different school types.

Existing reviews of literature suggest that disadvantage and language are important predictors
of science attainment (Nunes et al., 2017). As the evaluation focuses on school-level
outcomes, we therefore suggest drawing on school-level percentage of FSM pupils and EAL
as a weighting variable. A recent systematic review of factors linked to poor academic
performance of disadvantaged school students in science and maths (Banerjee, 2016)
outlines other relevant factors, such as parental participation — however, these are not
recorded at school level. There is some indication that single-sex and co-educational
schooling could affect pupil attainment (Pahlke, Hyde, & Allison, 2014), so we include a
predictor for same-sex (all girl or all boy) or a mixed-sex school.

Given the longitudinal nature of the intervention and the changes in school characteristics over
time, it is important to define the relevant years for each predictor — we recommend using
multiple years for pupil attainment and teacher retention. For the other predictors, we will only
include information from the first year of programme recruitment, 2017/2018 academic year.
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Other than attainment measures, the variables used for weighting primary and secondary
schools will be the same or equivalent.

Table 8. Proposed weighting variables for pupil outcomes

School-level pupil academic attainment from Constructed in the same manner as
past 2 years (2015/16, 16/17): intervention outcomes
- KS2 maths
- KS2reading
- KS4 maths®®
- KS4 science
% FSM pupils (2017/2018) Predictor of STEM attainment
% of EAL pupils (2017/2018)
School type (maintained, academy, etc.)
(2017/2018)
Same-sex or mixed school (2017/2018)
School size (2017/2018)
Other interventions implemented by STEM STEM learning to provide a list of
Learning in the past 2 years (2015/16, 16/17)  schools taking part in interventions of
sufficient intensity to be comparable to
Aspire to STEM — given the wide reach
of this organization, it is important to
account for their ongoing interventions
in potential comparison schools.

Table 9. Proposed weighting variables for teacher outcomes

School-level pupil academic attainment from Constructed in the same manner as
past 2 years (2015/16, 16/17): intervention outcomes
- KS2 maths
- KS2reading comprehension, spelling,
punctuation and grammar
- KS4 maths
- KS4 science
% FSM pupils (2017/2018) Predictor of STEM attainment
% of EAL pupils (2017/2018)
School type (maintained, academy, etc.)
(2017/2018)
Same-sex or mixed school (2017/2018)
School size (2017/2018)
Other interventions implemented by STEM STEM learning to provide a list of
Learning in the past 2 years (2015/16, 16/17) schools taking part in interventions of
sufficient intensity to be comparable
to Aspire to STEM — given the wide
reach of this organization, it is
important to account for their ongoing
interventions in potential comparison
schools.

15 Due to the changes in the GSCE scoring from A*-U to 9-U, in 2016/17 Mathematics scores are
available in the new grading system while other STEM subjects in the previous grading system, so the
scores will be standardised before averaging.
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Teacher attrition/retention level in the
previous year (2016-2017)6

Update May 2021: Another variable we intended to use (as outlined in Tables 8 and 9), was
information on ‘Physics CPD from loP as part of TLIF’. Following discussion with the delivery
team, it was decided to instead use information on school participation in STEM-related
programmes CPD not provided by STEM-Learning (both for schools participating and not
participating in Aspire to STEM). STEM Learning has a record of school participation in CPD
programmes such as: IDACI, Total pupils, Enthuse Partnerships, ENTHUSE CPD, Triple
Science, Tim Peake and CISCO. Information on Physics CPD from IoP was not available.

Update January 2025: Applying the above approach was difficult, given the data from the
School Workforce Census (which gives attrition and retention levels in pre-intervention years)
is generally kept separate from and not matched to data from the National Pupil Database.
This made it difficult in practice to use the combination of variables listed above to generate a
different counterfactual for teacher outcomes, as the datasets could not be linked.
Furthermore, maintaining a common counterfactual group across all outcomes allows more
readily for interpretations and comparisons to be made across secondary outcomes; it would
be unusual to alter the counterfactual for comparison for each different outcome variable.
Therefore, the analysis will proceed using the same counterfactual group for all outcomes.

After further discussion with the DfE and SRS teams, we have now confirmed that it will not
be possible to match the data for teacher outcomes with the data for pupil outcomes. However,
we will now conduct additional robustness checks during the primary analysis (Difference-in-
Differences outlined below). For the teacher wastage and teacher turnover outcomes we will
conduct the primary analysis with the same counterfactual group as is used for pupil level
outcomes, as proposed above. In addition, we will now conduct a robustness check by also
conducting the primary analysis on the teacher outcomes with a counterfactual group
generated using PSM which includes matching teacher level covariates.

Next, we describe our approach for using the propensity scores to weigh observations.

Update January 2025: Below is the original proposed approach to propensity score matching.
In practice, the use of the TWANG algorithm presented two issues: i) it could not be performed
with the required variables as the RAND-propriety R package could not easily be downloaded
and run within the SRS, and ii) the algorithmic approach meant researchers had less flexibility
to prioritise the closeness of a match on key variables of interest to the EEF, such as proportion
of students with Free School Meals. Whilst this is generally an advantage of the algorithmic
approach, it did not align with the client's emphasis on the FSM sub-group across all
evaluations. The flexibility of a non-algorithmic approach proved to generate a closer match
for key variables, such as % FSM pupils, whilst still keeping other variables within acceptable
bounds of bias reduction in the matched sample. In addition, the non-algorithmic approach
was easily adoptable within the SRS space, using packages allowed by the ONS. The new
approach taken to propensity score matching is outlined in Appendix B, and follows the
guidance in Anders et al. (2017) and the approach taken by other QED evaluations for the
EEF (Anders and Jerrim, 2021; Hodgen et al, 2019).

Inverse probability weighting on the propensity score

18 In principle, this variable could also be used for weighting for pupil attainment outcomes but likely
we will not have this data in time for the main report (this is planned for the addendum).
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Our preferred approach to generate a comparison group is IPW on the propensity score.'’
Weighting is advantageous because it uses all available data rather than only matched
schools; discarding data through PSM is one key criticism from King and Nielsen (2016)
regarding matching on the propensity score (see also Dahabreh et al., 2012). Weighting also
does not assume that all observations are equally important (as naive difference-in-
differences does). Schools “closest” or most similar to intervention schools in terms of their
observed characteristics (pscore) are weighted more than schools that have less in common.
Weighting also requires fewer decisions about the exact analysis approach, so can be pre-
specified more readily, and there is a growing literature on ‘best practice’ for using IPW (e.g.
Cefalu et al., 2015; Lockwood et al., 2016). However, while weighting allows to draw on more
data, which should increase statistical power, it can still lead to high variance and, therefore,
wide confidence intervals when units with very high or low propensity scores are present
(Williamson et al., 2011).

To pursue IPW, we will use the RAND-developed Toolkit for Weighting and Analysis of
Nonequivalent Groups (TWANG) to conduct the analysis (Griffin et al., 2014). There are three
benefits to our using of TWANG. First, the TWANG algorithm, not the user, determines the
most appropriate model, thereby reducing what Loken and Gelman (2017) call ‘researcher
degrees of freedom’. Second, the programme has a number of user-friendly features to assess
the quality of the propensity score weights, including statistical and graphical output. Lastly,
the RAND research team can call on in-house expertise in case there are any estimation
concerns. TWANG will produce a set of weights for the comparator schools that can be used
in the analyses.

TWANG estimates pscores and weights using an automated, non-parametric machine-
learning technique that requires the analyst to specify pre-treatment covariates to balance
between the treatment groups (known as generalised boosted regression models, or GBM).
Boosted regression models, as implemented in TWANG, are well-suited to optimise matching
and weighting models, leading to better bias reduction and more stability (consistency) (Lee,
Lessler, Stuart, 2010). Machine learning approaches, such as GBM, do not rely on a
parametric logistic regression and therefore can “minimize bias from incorrect assumptions
about the form of the model used” (Parast 2017: 14). Weights produced in similar approaches
have been demonstrated to generate more precise estimates of treatment effect and lower
mean squared error, compared to logistic regression (Harder et al. 2010; Lee et all, 2010).

This approach uses all the covariates included in the model, upweighting/downweighting those
that are more/less important for prediction. The models also include higher order terms
(interactions) and allow the use of multiple forms of predictors, e.g. continuous, binary, and
automatically balances on missingness. Should there be any issues with the weighting using
the TWANG estimation, we will draw on another estimator, such as the Covariate Balancing
Propensity Score (CBPS; Imai & Ratkovic, 2014)

Difference-in-differences

Once the weights for schools have been identified, we will then undertake a weighted
difference-in-differences analysis (see Wooldridge, 2002). The difference-in-differences (DiD)
estimator compares the difference in outcomes before and after the intervention for
intervention schools to the same difference for comparison schools, with each observation
weighted according to the propensity score. This reduces bias in the post-intervention
differences between the treatment and comparison schools that could be the result from time-
invariant differences (both observed and unobserved) between these two groups. Time-
varying factors, such as nation-wide changes in grading approaches, will affect both control
and intervention schools similarly, so any difference in trends should be attributable to the
intervention (i.e. the only time-varying variable that differentially affects one of the groups
should be the intervention). Furthermore, multi-year data likely offers increases in statistical

17 For average treatment effects on the treated (ATT) estimates, the treatment group is not weighted,
but the control group is weighted using pscore/(1-pscore). For average treatment effect (ATE)
estimation the weight is: 1/pscore for the treatment group and 1/(1-pscore) for the control group
(Williamson et al., 2012).
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power by providing multiple observations of the school performance over time (McKenzie,
2012).

As any design, DiD relies on a number of assumptions, such as Stable Unit Treatment Value
Assumption (SUTVA), meaning that the composition of intervention and comparison schools
is stable over time and there is no spill-over (Stuart et al., 2014; Wing, Simon, Bello-Gomez,
2018). A key assumption of DiD, which we will examine visually for the two pre-intervention
years, is that the difference between treatment and comparison schools is constant over time
(i.e., parallel trends). For DiD it is not essential that pre-intervention trends are the same,
merely that the trend lines are parallel. We will plot weighted observations and if they do not
produce parallel pre-intervention trends, we will revisit the weighting model. As a comparison,
we will also plot the non-weighted observations. For simplicity, we set out the DiD as if there
were only two time-points. A DIiD regression model can be represented as follows:

Vst = Po + TREAT;f1 + POST. B, + TREATs * POST, B3 + X5t Bs + Ugs + &5

where y,; is the outcome for school s at year t; TREAT, is a dummy that equals 1 for
intervention schools and 0 for comparison schools in any time-period; POST; is a dummy that
equals 1 for post-intervention and 0 otherwise; X,; is a vector of school-level characteristics
that will be added to the model; and ¢; is an idiosyncratic error term. The coefficient of interest
is B3, the interaction between intervention group membership and post-intervention outcome.
This coefficient tells us about the difference in post-intervention outcomes, comparing
intervention and control schools. School-level characteristics included as covariates will be
based on the list of weighting variables to provide the “double-robust” estimation.

Figure 4 illustrates the comparisons that our approach facilitates. Note that the pre-intervention
trends for all the schools are presented as if they were the same (here, for simplicity, constant).

Update May 2021: The initial study plan outlined analyses to be conducted separately for
primary and secondary schools, the headline results will be (1) the overall effect size for
primary schools and (2) the overall effect size for secondary schools. This remains the case,
but will apply to secondary outcome measures only, as primary outcome measures are no
longer available.

Update January 2025:_Below is the original graph presented in the Study Plan. However, as
noted above, schools in cohort 1 will have already started treatment in the census year 17/18.
The dotted line should more correctly be part-way between 17/18 and 18/19. As aresult, 17/18
is the first intervention year and cannot be used for assessment of parallel trends.
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Figure 3: Visualisation of proposed school-level comparisons
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Assessing propensity scores and comparator quality

In addition to examining the parallel trends assumption, we will use the built-in approaches in
RAND-developed Toolkit for Weighting and Analysis of Nonequivalent Groups (TWANG)?8 for
assessing baseline balance (Griffin et al., 2014; Cefalu et al., 2015 - TWANG is discussed in
more detail below). Following the estimation of the propensity scores, TWANG will generate
statistics assessing baseline balance in both table and graphic form. These will show “how
well the resulting weights succeed in manipulating the control group so that its weighted pre-
treatment characteristics match, or balance, those of the unweighted treatment group”
(Ridgeway, 2017: 5-6).

We will examine all four available indicators of imbalance: namely, mean and maximum
standardised mean differences between weighted pre-treatment variables as well as mean
and maximum Kolmogorov-Smirnof (KS) statistic. The standardised mean differences for each
variable are expressed as an effect size, standardised by dividing the difference means on a
variable between the treatment and control groups by the standard deviation of that variable.
While standardised mean differences demonstrate the average differences between groups,
the KS statistic calculates the maximum vertical distance between groups across the
cumulative distribution of a variable, where p-values are used to assess whether the groups
are statistically different from one another. The KS adds value as it compares the entire
distributions rather than only the means. However, unlike the SMD, the distribution of KS
statistic is influenced by the sample size (McCaffrey et al., 2013).

To document imbalance after weighting, we will highlight any pre-treatment variables for
which, after weighting, the KS p-value is less than 0.1 and the standardised mean difference

18 http://www.rand.org/statistics/twang
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is greater than 0.2 (the thresholds suggested in McCaffrey et al, 2013). We will report on all
the variables with remaining imbalance, if any. All pre-treatment variables (regardless of
baseline equivalence) will be included in the regressions as part of the double robust approach
(approach robust to misspecification of the propensity score model or the regression model,
see Funk et al., 2011; Lunceford & Davidian, 2004).

Multi-year observations

We will plot the pupil attainment (update: the secondary measure only) and teacher outcomes
from each study year to observe trends over time and examine the pre-intervention trends
(see page 23 on parallel trends assumption). For the outcome analyses, we propose reducing
the number of time points as discussed below. This is based on considerations of the issue of
serial correlation (Angrist and Pischke, 2009), the complexity of the study design (discussed
in Study Design section on page 18), and the gradual introduction of the intervention across
the intervention schools.

Specifically, in the outcome analyses, we plan to use the data from 2016/17 as baseline, while
2019/20 will be used as the post-intervention period for the pupil attainment outcomes and
teacher outcomes). As outlined in Figure 3, 2015/16 and 2016/17 will be used to test parallel
trends. Data from 2017/18 and 2018/19 will not directly contribute to the outcome analyses as
this is expected to be too early for the intervention to have an effect, but these years will be
used for plotting the trends. As only the data from 2016/17 (average), and 2019/20 will be
used for the main analyses, we only consider the two time periods in the outcome models.
The dependence between multiple observations per school in the analyses will be handled by
multi-level modelling (observations clustered in schools).

Update May 2021: Due to the impact of the COVID-19 pandemic, the timeline of data
collection (and data availability) has changed. Only KS5 progression data will be available
alongside teacher retention information.

Update January 2025: We have pre-intervention measures on 2015/16 and 2016/17
available in the data, and then four post-intervention periods, 2017/18 to 2020/21. Normally,
a difference-in-difference approach would use the full pre-intervention and post-intervention
periods available. We will be performing a diff-in-diff using the full available time series for
treatment and matched counterfactual, alongside the initially proposed two-period analysis.

Robustness checks and identification assumptions

As per Anders et al. (2017) we would assess sensitivity to model specification by re-running
analyses using different specifications.

1. Comparing the intervention group to alternative control groups (see above in “Study
design” for details).

2. Running a single-level outcome regression with pre-intervention values as covariates.

3. Using a modified set of variables in weighting schools (such as Attainment 8 or
Progress 8 and FSM pupil attainment instead of Maths and English).

4. Placebo test in the year prior to treatment.

Update January 2025: A final sensitivity analysis of assessing susceptibility of results to
hidden bias using Rosenbaum bounds was originally suggested by initial Study Plan.
However, the application of Rosenbaum bounds is exclusive to outcome analysis conducted
using PSM, rather than the matched difference-in-difference approach taken by the analysis
on this project. Therefore, we will no longer be considering utilising Rosenbaum bounds as a
sensitivity analysis, as we are not conducting outcome analysis using PSM methods; the PSM
methods used in this project are utilised only to generate a matched sample. Instead, we will
include the suggested robustness check from Anders et al. (2017), and test an artificial
implementation of the intervention a year after treatment.
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Further analyses

Update May 2021: the above approach now refers to secondary outcomes only, as no primary
outcomes are available due to the impact of the COVID-19 pandemic.

Some difference will be introduced in the list of weighting variables for teacher outcome
analyses, as described in Table 9. However, our ability in this study to include many of the
predictors known to be relevant to teacher attrition is limited as there is no straightforward way
to include person-level predictors, such as teacher’'s degree, working conditions, etc. given
the analysis at the school level.

As the school is the unit of analysis, all outcome measures are continuous (average scores or
percentages per school).

See the clarification above regarding separate analyses in primary and secondary schools
under “Outcomes”. Furthermore, EEF evaluations commonly explore differential effects for
FSM pupils. However, this study does not focus on individual pupils, and the theory of change
does not indicate the percentage of FSM pupils at a school as a key influence, so we do not
propose FSM subgroup analyses.

Given the complex nature of the programme, there are various indicators that could be used
to capture the dosage and fidelity (see Tables 10 and 11 below). Consequently, there are
several potential approaches to defining compliance in Aspire to STEM. In our understanding,
the first steps of programme participation (forming a partnership, conducting needs
assessment and creating action plans) are mandatory for schools to be included in the
programme, and therefore unlikely to have non-compliance among study schools.

Our suggested strategy to determine compliance!®, developed in discussions with STEM
Learning, would be to create a continuous indicator primarily focusing on dosage, namely (i)
the amount of spending of the budget (which can be accessed at school level)?°; and (ii) the
amount of teacher and leadership CPD, as these are the key activities of the programme. We
would look to combine these measures if possible. To provide sufficient statistical power, we
focus on compliance at school rather than partnership level.

Given imperfect compliance, we will re-run the analyses focusing on schools considered to be
compliant with the treatment (and dropping the schools classified as non-compliant), to
examine the complier intervention effects.

The proposed approach relies on complete data. Using school-level data should
minimise/negate missingness, although the proposal to match schools using longitudinal data
brings further challenges in terms of inconsistencies. If schools closed/reopened, our
suggestion is that previous results under old school names are used, rather than treating that
information as missing. To aid with this task, we will use the Consistent Schools Database to
ensure consistency over time with regard to schools data.?! One challenge is that the database

19 Please See Implementation and process evaluation section below for definitions of compliance and
dosage.

20 A budget indicator at school level would be weighted by the number of pupils, i.e. schoaols size,
such as X1= N1* Y/(N1+N2+N3), where X1 is the weighted budget, N1 is the school size, Y is the
spending and N1-N3 are the sizes of other schools in the partnership.

21 https://www.closer.ac.uk/work-package-5-csd
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is only available up to 2014, so matching schools IDs in the most recent years needs to be
done manually. The other benefit of using TWANG is that the algorithm automatically
generates dummy indicators for missingness, and thus attempts to balance on missingness
as well (Ridgeway et al., 2017).

We will draw on the Hedges’ g adapted from Hedges (2007) as given below:

(YT - 7C)adjust:ed

’ 2, -2
O’S + O-eTTOT

Where (Y; — YC)adjusted is the mean post-intervention difference between intervention groups
adjusted for baseline characteristics (estimated in our case through the difference-in-

difference coefficient) and /052 + 02, iS an estimate of the population standard deviation

(variance) at baseline. The ES therefore represents the proportion of the population standard
deviation attributable to the intervention (Hutchison and Styles, 2010). If we are able to use
data from all TLIF-eligible schools, we will draw on the population variance, and if not, we will
be drawing on the sample-adjusted variance. An alternative is offered by the What Works
Clearinghouse Procedures Handbook, which discusses computing Hedges’ g of the difference
between two groups on the baseline and post-intervention measures separately, and
subtracting the baseline effect size from the post-intervention effect size (which would be done
following weighting in this case).??

ES =

Implementation and process evaluation

Following the EEF guidelines to process evaluation (Humphrey et al., 2015), we will conduct
a process evaluation to better understand the work of this multi-component intervention. Since
the initial proposal, the development of the IPE has been further informed by conversations
with STEM Learning and the Intervention Delivery and Evaluation Analysis (IDEA) workshop
we conducted.?® The workshop was used to specify in more detail the mechanisms by which
the intervention is expected to affect pupil and teacher outcomes, and it helped update Theory
of Change for Aspire to STEM (see Figure 1).

The IPE will draw on the following types of data collection:

Surveys with teachers;

Surveys with headteacher;

Surveys with educational leads;

School case studies involving phone interviews;

Review of monitoring information collected by STEM Learning.

Given the quasi-experimental nature of the study, the IPE will include only the intervention
schools (N=206), further excluding any schools that drop out from the programme after the
“quasi-randomisation” date because the IPE questions would not be relevant to them. We will
consider targeted surveys or interviews with drop-out schools if the number is substantial.

The purpose of the process evaluation will be to address the following questions:

22 https:/lies.ed.gov/ncee/wwc/Docs/referenceresources/wwc_procedures_handbook _v4.pdf

23 Goals of the workshop: 1. Agree the TIDieR framework for the intervention, 2. Discuss the
intervention logic model, 3. Align measurement instruments for process evaluation to the intervention
logic. Attendees: Ben Dunn, Andy Thirwell (STEM Learning), Julie Belanger, Sashka Dimova, Yulia
Shenderovich (RAND Europe). Date of workshop: 9 April 2018
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e What was the fidelity in the intervention schools?
e What was the dosage in the intervention schools?

e What factors and initial conditions appear to explain variation in the dosage and fidelity
of implementation?

e What appear to be the necessary conditions for success of the intervention?
e What were the barriers to delivery?

Once the schools join the programme, they have access to STEM Learning network and
resources: STEM Ambassador volunteers, STEM Club infrastructure and community groups
and resource elLibrary. Next, as a key step of their participation, schools have to complete
needs analyses and action plans for each school and agree on the activities for the partnership
of between 3 and 10 schools. As described above, educational leads are consultants who
guide schools through the intervention process, in particular completing their needs analyses
and action plans. Once the action plan is agreed with the educational lead for each school in
the partnership, as the logic model demonstrates, there are several types of activities and
resources that schools can receive as part of the intervention:

e Bespoke CPD for STEM teachers (both on subject knowledge and subject pedagogy);
e Bespoke CPD for STEM leaders;

e Guidance on STEM careers for teacher and leaders ;

e Inspiration and enrichment activities.

We draw on the following definitions in our IPE (from Humphrey et al., 2015):

e Fidelity/adherence — the extent to which implementers adhere to the intended
treatment model,

¢ Dosage — how much of the intended intervention has been delivered and/or
received.

Following the EEF statistical analysis guidance, we define compliance as the extent to which
the schools adhere to being in the treatment group.

The IPE needs to accommodate the bespoke nature of the intervention as the actual CPD
events and other activities will vary depending on the needs and capacity of each partnership.
Therefore, rather than focusing on the fidelity of individual trainings, for instance, we suggest
to focus on fidelity to the overall model, e.g. the school partnership model.

As there is no single indicator for fidelity, we will rely on surveys with educational leads and
headteachers as well as the interviews in case study schools to understand the extent to which
the intervention was implemented as intended by the developers (see Table 10). Similarly,
when examining the barriers and facilitators of delivery, we will aim to explore the functioning
of the school partnership as part of the Aspire to STEM model. For instance, we will look at
the process of agreement on programme activities within the partnership and the influence of
the differences and similarities in the priorities of individual schools.
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Table 10. Suggested fidelity indicators

Each school conducts
needs assessment and
action plan

The schools are engaged
in the partnership

e STEM Learning
records

e Educational leads

surveys

Educational leads

surveys

e Headteacher, STEM
leaders and teacher
surveys

In principle, this is a
mandatory component that
all schools will most likely
complete.

Regarding dosage, given the number and diversity of potential intervention activities, there is
not one straightforward measure of how much intervention schools receive. However, the
evaluation can draw on the monitoring data collected by STEM Learning to paint a picture of
the dosage of intervention activities (see Table 11).

Table 11. Suggested dosage indicators

Date of school needs
assessment submission
Access to STEM Learning
network and resources:
STEM Ambassador
volunteers, STEM Club
infrastructure and
community groups and
resource eLibrary
Careers guidance and
information for teachers
and leaders

Bespoke CPD for STEM
teachers

Bespoke CPD for leaders

Inspiration and Enrichment
Activities

The schools remain in the
partnership for the
duration of the intervention
(until March 2020)

Each school participates in
at least some intervention
activities (CPD,
enrichment, etc.).

The partnership uses the
available funding by the
end of the project

Potentially measured by
STEM Learning records
Not measured

Number of career information
events for teachers

Percentage of teachers
attending CPD activities
Percentage of school leaders
attending CPD activities

Number and type of
community events

e STEM Learning
records
e Educational leads
surveys
Headteacher, STEM leaders
and teacher surveys

e STEM Learning
records
e Head teacher surveys

e STEM Learning
records
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Reflecting the effective
duration of the intervention
It was discussed that
access to resources would
be too difficult to measure,
especially as many online
materials are available
without a login.

Aggregated at school level
by STEM Learning

Aggregated at school level
by STEM Learning
Aggregated at school level
by STEM Learning

Aggregated at school level
by STEM Learning

Assessed based on self-
report by head-teachers
and educational lead
reports on whether all
school continue to attend
meetings and respond to
communication.



The intervention had started with some schools in Cohort 1 before the evaluation began, it is
thus not possible to conduct a pre-intervention survey. However, in the initial survey for
headteachers we will ask about non-STEM Learning practices regarding CPD and STEM
engagement. Given the high turnover of school staff, we will not be aiming to follow up the
same school staff. However, we can ask in the follow-up surveys if the respondent has
completed the baseline survey.

For the purpose of IPE, four schools will be selected from each of the two cohorts as case
study schools (eight schools total). In these schools, phone interviews will be conducted with
several staff members (ideally, at least one teacher, a STEM subject leader and an SLT
member) regarding the intervention. We suggest the following matrix for purposively selecting
case studies, based on the baseline survey results and STEM Learning knowledge of the
partnerships (Table 12). We will liaise with the STEM Learning team to define how similarity
and difference of school priorities will be operationalised.

Table 12. IPE case study sampling frame

Previously existing 1 1
partnership
New partnership 1 1

Finally, Table 13 provides an overview of the IPE data collection.
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Table 13. Overview of the proposed IPE data collection

Head teacher Survey
Educational leads  Survey
Primary teachers Survey
and secondary

school STEM

teachers

STEM subject Survey

leaders
(faculty/departme

1. October -
November 2018

2. February —March
2020

1. October -
November 2018

2.
January/February
2020

January/February
2020

1. November 2019

RAND to develop and
analyse (STEM
Learning to provide
feedback and distribute
the survey)

RAND (with STEM
Learning feedback and
contacts)

RAND (with STEM
Learning feedback and
contacts)

RAND (with STEM
Learning feedback and
contacts)

Survey 1:
e The reasons for enrolment
e Usual practice related to STEM CPD and STEM engagement
e Previous participation in school partnerships or STEM
Learning projects

Survey 2:
Experience/benefits of the partnership
Value-added of STEM ambassadors
Whether CPD/activities match their needs
Teacher retention
STEM Subject leadership
Programme cost (e.g. cover costs)/staff time — other than the
25K given to the partnership
Survey 1:
e Process of needs assessment/action plan creation
e How similar or different were the needs of the schools in the

partnership
e Barriers and facilitators in the partnership planning process
Survey 2

e Follow-up on barriers and facilitators in the partnership
cooperation once there have been CPD activities
e Whether the action plan is being used as a tool for
improvement
The experience/benefits of the partnership.
Whether CPD/activities match their needs.
Experience of working with STEM ambassadors.
Observed changes in student aspirations and future career
awareness (both primary and secondary).
Survey 1
e Perceived improved subject leadership
e Active relationship with STEM employers
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nt heads) and e Perceived change in engagement with parents, families and
SLT) communities (a lot of schools now have a special person
responsible for community engagement)

STEM teachers, Interviews December-January RAND (STEM Learning) e Based on topics above and survey results

head teachers, 2019 to help identify

STEM subject partnership and

leaders and SLT - interviewees for case

in case study studies)

schools only

Educational lead Document RAND e Types of activities planned and actually implemented in the
monthly updates review case study schools

and the needs

assessment/actio

n plan —in case

study schools

only

Update May 2021: Initial IPE plans included the possibility of conducting a survey with parents. This was dependent on schools confirming whether that would be
possible. Based on discussions with STEM Learning and the information they received from schools it was decided not to conduct surveys with parents.
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Cost evaluation

Cost data will be gathered through discussions with DfE, discussions with the delivery team
at STEM Learning, as well as with questions included in the surveys and interviews to be used
during the implementation process evaluation (see above). Questions will be targeted at
assessing any pre-requisite costs (such as ensuring sufficient access to computers to access
online resources from STEM Learning for example) and any direct and marginal costs directly
attributable with schools’ participation in the intervention (printing, materials, staff time,
volunteer time, CPD costs, cover, etc.). We will use this information to estimate a cost per-
pupil, following the EEF guidelines. The difficulty here is that ‘business as usual’ will likely
include significant variation, so understanding AtS versus BAU in terms of costs will be difficult
(and is likely to remain a limitation).

Ethics

The evaluation has been reviewed by RAND U.S. Human Subjects Protection Committee
(HSPC) and approved on 12 June 2018. The evaluation includes a requirement to obtain
informed consent only from school staff participating in the interviews. For the online surveys,
since the burden of participating in the survey are insignificant and sensitive topics are not
involved, we will regard the completion of the survey as adequate evidence of consent (implicit
consent). Explicit consent is not needed as the legal basis for administering and obtaining the
survey data will be ‘legitimate interests’ in line with GDPR (see next section). Each survey will
include a project description and Privacy Notice to ensure that participants make an informed
choice to complete the survey (as described below). Consent from other school staff or from
pupils and their parents/guardians is not required as the intervention does not differ from
standard practice in schools and the current evaluation is drawing on routinely collected
school-level data.

None of the evaluation team has any conflicts of interest and all members of the study team
have approved this protocol prior to publication.

Anticipated data sharing will be at school level and therefore not contain personal information.
One exception is the teacher retention data, which will be received from DfE at teacher level
but de-identified.

Data protection

Given the focus of the study outcome assessment on administrative data that does not contain
personal intervention, the data protection mainly pertains to IPE surveys and interviews.

We will include a fair processing Privacy Notice in the preface to surveys and interviews,
explaining why RAND Europe is collecting the data, how it will be stored and used. We will not
be collecting participants’ names in the surveys, so they will be anonymous (although school
name will be collected to track response rates). In the survey initial screen, we will explicitly
ask that participants to not provide any personal sensitive data in the survey, such as one’s
name or political persuasion. If such data are entered, they will be deleted.

As part of the interviews in case study schools, RAND will obtain personal data from school
staff as a data controller. It is anticipated that basic staff information, such as names, required
to organise the interviews, will be obtained from schools on the basis of legitimate interest.
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The monitoring data shared by STEM Learning will provided be at school level and already
anonymised, therefore not personally identifiable. The data will be shared via Sycnplicity, a
secure file sharing service, compliant with GDPR.

RAND Europe adopts good industry practices regarding the protection of personal data as
part of its obligations as a Data Controller under the Data Protection Act 1998 and takes
appropriate technical and organisational measures conformant with ISO 27001 to protect
personal data. Individuals targeted by the study have the right to oppose, have access to,
rectify, or remove personal or sensitive personal data held by RAND Europe.

Personnel

Project Officer: Andy Thirwell (STEM Learning)
Aspire to STEM Lead: Wayne Jarvis (STEM Learning)
Research and Evaluation Lead: Dr. Irina Kudenko

Research Assistant: Ben Dunn, Erin Grey

Project Leader: Elena Rosa Speciani (RAND) (previously Dr. Alex Sutherland, RAND; Dr.
Sonia llie, RAND; Miriam Broeks, RAND)

Project Manager: Miguel Subosa (RAND) (previously Dr. Yulia Shenderovich, RAND; Miriam
Broeks, RAND; Andreas Culora, RAND)

Core fieldwork and analysis team: Dr Merrilyn Groom (RAND), Dr James Merewood (RAND),
Fin Oades (RAND), Bhavya Singh (RAND), Dr. Sashka Dimova (previously RAND), Jack
Pollard (previously RAND)

Advisors: Dr. Kata Mihaly (RAND)
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Risks

Recruitment
failure

Attrition

Missing data

Low
implementation
fidelity

Cross-
contamination

Limited number
of comparison
schools
Evaluation team
members
absence or
turn-over

Low
participation
rates for IPE
interviews
Low response
rates for IPE
surveys

Lack of
coordination
between RAND,
STEM Learning,
EEF

Further
disruptions to
trial activities
due to COVID-
19 (or alike)
pandemic

Likelihood: Low
Impact: High

Likelihood: Low
Impact: Low

Likelihood:
Moderate
Impact: Moderate

Likelihood:
Moderate
Impact: Moderate
Likelihood: Low
Impact: High

Likelihood: Low
Impact: High

Likelihood:
Moderate
Impact: Low

Likelihood:
Moderate
Impact: Moderate

Likelihood:
Moderate
Impact: Moderate

Likelihood:
Moderate
Impact: Moderate

Likelihood:
Moderate
Impact: High

STEM Learning to recruit schools and be the main
contact for schools.

STEM Learning has already recruited the majority of
the schools.

Given the reliance on administrative data, outcome
data should be available for all schools, regardless of
their participation in the project.

Intention to Treat (ITT) analysis to be used.

Use of administrative data for pupils and teachers.
Communication with DfE and experienced education
researchers on questions regarding the data, for
instance changes in school IDs .

Process evaluation to monitor and document fidelity of
implementation

Aspire to STEM is currently only delivered within TLIF.
Information about other comparable STEM Learning
and Institute of Physics programmes will be factored
into the analysis.

As part of weighting, all school in England with
relevant data can be factored into the analyses.

All RAND staff have a three-month notice period to
allow sufficient time for handover.

The team can be supplemented by researchers with
experience in evaluation from the larger RAND Europe
pool.

Phone interviews to be offered at times convenient for
school staff within a span of several weeks.

Surveys to be kept to 10-15 minutes long.
Respondents given the opportunity to complete survey
online on multiple occasions if required.

Sufficient data collection window given with real-time
monitoring of response rates to allow for reminders to
be targeted.

Teams to attend initial meetings and agree on roles
and responsibilities at the outset.

Regular contact between senior team from each
organisation.

A new outbreak of the COVID-19 pandemic could
further delay evaluation activities. Teams will maintain
regular contact to coordinate and decide on any
strategies to mitigate potential risks to the evaluation
plans.
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Timeline (indicative)

¢ Timetable including specification of who is responsible for completing each task
e Please include specific dates or date intervals, even if only estimated (rather than, e.g.,
‘Autumn term’).

Feb 2018

February 2018

September 2018

September 2018

October-
November 2018

December 2018-
July 2019

November-
December 2019

February 2020
March 2020

May 2020

January 2021 —
March 2021

June 2021
June-July 2021

January -March
2022

June 2024
July 2024

July — October
2024

October 2024

January 2024

Evaluation kick-off meetings

Intervention (needs assessment) begins
in Cohort 1

Recruitment of schools completed

Intervention begins in Cohort 2

Initial surveys of headteachers and
educational leads (cohorts 1 and 2)
Collation of weighting dataset for
primary outcomes (pupil KS2 and KS4
outcomes)

Teacher survey, Educational leads
survey 2, STEM subject leader survey,
Interviews in case study schools

Head teacher survey 2

Intervention completed in Cohorts 1 and
2

Sharing of STEM Learning monitoring
data

KS2 and KS4 outcome analysis

STEM Learning shares programme
monitoring data for school year 2020-21
Obtain teacher retention data from
School Workforce Census Data

Obtain KS5 progression data (STEM
subjects) for students sitting KS4 exams
in 2019

Submission and publication of revisions
to the Study Plan

Begin application for additional KS5
outcomes with the NPD/SRS teams
Analysis of teacher level outcomes
(where additional data application is not
a pre-requisite)

Analysis of pupil level outcomes
(timeline dependent on additional data
application as a pre-requisite)

Submission of draft report to the EEF
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Bélanger (RAND)

Thirwell (STEM
Learning); Jarvis (STEM
Learning)

Thirwell (STEM
Learning); Jarvis (STEM
Learning)

Thirwell (STEM
Learning); Jarvis (STEM
Learning)

Shenderovich (RAND)

Sutherland (RAND);
Shenderovich (RAND)

Shenderovich (RAND)

Shenderovich (RAND)

Thirwell (STEM
Learning); Jarvis (STEM
Learning)

Grey (STEM Learning);
Jarvis (STEM Learning)

No longer available

Grey (STEM Learning);
Jarvis (STEM Learning)

Broeks (RAND)
Broeks (RAND)

Merewood (RAND)
Merewood (RAND)

Merewood (RAND);
Oades (RAND)

Merewood (RAND);
Oades (RAND)

Merewood (RAND)



Staff responsible/
leading

June 2025 Submission of final EEF report Merewood (RAND)

Activity
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Appendix A.

Options for KS2 Mathematics outcome

Based on our review of the school-level data, in 2016/17 the share of missing data are 7.0%
for the “share of pupils achieving expected standards in maths” and 9.4% for “average scaled
maths score”. This is because scores are not provided in the school-level public data for
schools where pupils on average did not achieve the mark required for the lowest scaled
score, whereas share of pupils achieve expected standards would be included as zero, thus
reducing the share of missing data. The distributions and key characteristics for both variables
are presented below.
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Percent achieving expected standards
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Average scaled maths score
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Appendix B.

We proposed in the original Study Plan to use a RAND-proprietary algorithm, TWANG, to
undertake inverse probability weighting as an alternative to other PSM approaches in
generating an appropriate counterfactual to the treatment group. The choice to use TWANG
was justified for the following three reasons:

i) The TWANG algorithm impartially determines the most appropriate model,
reducing the influence the researcher has on determining the matched
counterfactual (reduction of ‘researcher degrees of freedom’, according to Loken
and Gelman (2017)).

i) The existence of user-friendly features to assess quality of match

iii) The ability of the RAND Europe research team to call on in-house expertise

In practice, however, the use of the TWANG algorithm presented two issues:

i) it could not be performed with the required variables as the RAND-propriety R
package could not easily be downloaded and run within the SRS, and,;
i) the algorithmic approach meant researchers had less flexibility to prioritise the

closeness of a match on key variables of interest to the EEF, such as proportion of
students with Free School Meals.

Given some matching variables could only be accessed within the SRS, the inability to use
TWANG within the SRS presented a logistical issue that far outweighed the advantages of
TWANG with regard to user-friendly features and access to the in-house developers. RAND’s
in-house developers could not resolve the issues with using TWANG within the SRS. Even
without the use of TWANG there remained some variables (namely teacher turnover and
wastage) that could not be used in the generation of the counterfactual for all outcomes due
to only being held within the School Workforce Census (SWC) and not being made available
in the same space as student outcomes in the NPD. However, where possible, i.e., for teacher
based outcomes, we will conduct a sensitivity analysis of the main results which uses a
different matched sample. This alternative matched sample will be generated using all of the
existing matching covariates, but will include both pre-intervention levels of teacher turnover
and wastage as additional matching covariates.

Whilst the reduction in researcher involvement in choosing the best match is generally an
advantage of the algorithmic approach, it presented issues in the project when trying to align
in particular with the client’'s emphasis on the FSM sub-group across all evaluations. Whilst
this issue could, to some degree, be resolved by altering the variables available for matching
within the TWANG algorithm, it did not resolve the issue fully. The flexibility of a non-
algorithmic approach proved to generate a closer match for key variables, such as the
percentage of FSM pupils, whilst still keeping other variables within acceptable bounds of bias
reduction or standardised differences in the matched sample.

The practical issues with TWANG became insurmountable, so as suggested in the original
Study Plan, we had to draw on other estimators. RAND Europe agreed with the evaluation
team at the EEF a PSM approach that aligned with the recommendations made in Anders et
al (2017).

The starting point for the refined approach was to conduct PSM using 1:1 nearest neighbour
matching without replacement. This is the default PSM approach for most software packages,
and involves matching each treated school with the school in the counterfactual sampling
frame with the closest propensity score. However, nearest neighbor matching does not always
produce the most balanced matched counterfactual. Other approaches may perform better in
this instance, particularly given the relatively small sample size of the treatment group. For
instance, using caliper matching, where treated schools are compared to those possible
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counterfactual schools that are within a certain distance of the treated school’s propensity
score, or kernel weighting, where treated schools are compared to a weighted average of
counterfactual schools, may increase the effective sample size and thus power whilst still
ensuring a sufficiently well-matched counterfactual.

Given it is not evident which matching approach is most appropriate to this intervention, we
follow Anders et al (2017) in conducting a minimum of five robustness checks. This ensures
that the final matched counterfactual is robust to researcher-led decisions on the matching
approach, which was the main concern that prompted the development of and use of TWANG
in the first instance. Following discussions with the EEF, it was decided that a pragmatic
approach would be to test the balance between treatment and control groups within the
matched sample using each of the approached below, but to only take the most viable
approach forward into testing for common pre-intervention trends in outcomes.

We tested the following approaches for PSM, using the same set of variables outlined initially
in the Study Plan (excluding teacher turnover and wastage due to practical difficulties within
the SRS) unless otherwise stated:

i) Run 1:1 nearest neighbour matching without replacement
i) Run 1:2 nearest neighbour matching

iii) Run calliper matching, trying multiple calliper widths

iv) Run kernel matching to generate a weighted counterfactual
V) Run coarsened exact matching

Vi) Run the above models with a different set of explanatory variables

The different matching approaches and models were evaluated in the first instance on the
similarity between the matched counterfactual and the treatment group. To that end,
researchers focussed on: bias reductions under matching; statistical differences between
matched counterfactual and treatment group; and, statistical differences in distributions of
included covariates between matched counterfactual and treatment group. However,
improvements in the balance between matched counterfactual and treatment groups need to
be weighed up against possible changes to effective sample size. There are no universally
agreed upon rules of thumb to guide us. We will prioritise methods that improve balance,
preferring approaches that minimise statistical differences and maximise bias reduction.
Where multiple methods demonstrate similar balance between counterfactual and treatment,
we will choose that approach which yields the highest effective sample size.

The changes to the proposed PSM approach do not affect the proposed approach to
robustness checks on the difference-in-difference component. We will still examine:

i) Graphical and statistical evidence of parallel trends assumption

i) Placebo test in the year prior to treatment.

iii) Running a single-level outcome regression with pre-intervention values as
covariates.

iv) A final sensitivity analysis would be to assess susceptibility of results to hidden

selection bias using Rosenbaum bounds (see Rosenbaum, 2002; Becker and
Caliendo, 2007; Kirk and Sampson, 2013).

For the chosen PSM approach, we will perform all of the above checks for each secondary
outcome, as outlined above and recommended in Anders et al (2017).
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Appendix C.

Propensity Score Matching and Assessing Balance

Unmatched Sample

Initially we examine the balance within the unmatched sample, between the treated and
control groups for which data is available. As agreed in the Study Plan, we analyse primary
schools and secondary schools separately. Here we demonstrate the difference between the
treatment and control groups using the standardised percentage of bias; we do so in place of
other options, such as calculating the standardised difference, which present results with a
similar inference.

Standardised differences compare the means in units of pooled standard deviation. It can be
used to compare balance in measured variables between treated and untreated units in the
matched and unmatched samples. A downside of using it as a check for balance is that there
is no consensus to what value of standardised difference denotes imbalance between treated
and untreated in subjects of the matched sample which can make it difficult to interpret the
results.

Similarly, the standardised percentage of bias provides a standardised measure of imbalance
between treated and untreated subjects in a matched sample. Standardised percentage of
bias is calculated as the percentage difference of the sample means between the treatment
and control groups, as a percentage of the square root of the average of the sample variance
between the two groups.?* Since this percentage of bias is standardised, it helps address any
large differences in means, making it easier to interpret the magnitude of the imbalance across
variables with different scales and units of measurement. A positive standardised percentage
of bias indicates a greater mean in the treatment group, whilst a negative standardised
percentage of bias demonstrates a lower mean in the treatment group, when compared to the
control group. A large, standardised percentage of bias in either direction is indicative of an
imbalance between the treatment group and the counterfactual group.

As is shown in Table 1, there is significant imbalance between the treatment and control
settings for primary schools across many of the covariates included during the matching
process. In the unmatched sample of primary schools there are 92 settings in the treated
group and 939 settings in the control group. For most covariates, the outcome is greater in the
treated sample than in the control, as is shown by a positive standardised percentage of bias.
In addition, there is an absolute average of close to 18% bias between the treatment and
control across the covariates used for matching, demonstrating the need to propensity score
matching to create a more comparable counterfactual.

24 Leuven, E; Sianesi, B. (2018). PSMATCH2: Stata Module to Perform Full Mahalanobis and Propensity Score
Matching, Common Support Graphing, and Covariate Imbalance Testing.
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Table 1 — Balance in the unmatched primary school sample

Variable Treatment Control % of Bias
Average scaled maths score in 15/16 100.74 100.8 -1.9
Average scaled maths score in 16/17 102.26 101.88 15.1
Average scaled reading score in 15/16 100.4 100.02 12.4
Average scaled score for spelling, 102.47 101.76 26.5
punctuation, and grammar in 15/16
Average scaled reading score in 16/17 102.44 101.67 27.9
Average scaled score for spelling, 104.44 103.69 27.8
punctuation, and grammar in 16/17
% Eligible for FSM in 17/18 43.116 39.754 17.2
% with EAL Status in 17/18 18.698 16.631 10.2
School Academy or Maintained 0.60465 0.60846 -0.8
Total Number of Pupils in 17/18 333.21 312.18 14.0
Exposure to Other Interventions 0.53488 0.30882 46.7
Mean Absolute % of Bias 18.2272
Treated N 92
Control N 939

Notes: Means of covariates of primary school settings are presented for the treatment group in column
one, and for the control group in column two. “% of Bias” is generated using the post-estimation
commands from the ‘psmatch2’ package in Stata 17,25 and is defined as: the percentage difference of
the sample means in the treated and control sub-samples as a percentage of the square root of the
average of the sample variances in the treated and control groups. “Mean Absolute % of Bias” is the
mean of the absolute values of the % of Bias presented in the table across all covariates.

As is shown in Table 2, there is also imbalance between the secondary school treatment and
control settings across the range of covariates used for matching within this sample. For most
covariates, the absolute percentage bias shows considerable imbalance, with some individual
covariates having a greater mean in the treatment group and others having a greater mean in
the control group. Overall, there is an absolute average of 13.3% bias in the secondary school
sample, demonstrating the need for propensity score matching.

Table 2 — Balance in the unmatched secondary school sample

Variable Treatment Control % of Bias
Average Maths Attainment in 15/16 8.9027 8.7445 16.0
Average Maths Attainment in 16/17 7.8514 7.8483 0.3
% Achieving Science in 15/16 0.48203 0.49584 -9.2
% Achieving Science in 16/17 0.47149 0.4823 -8.0
% Eligible for FSM in 17/18 36.649 34.871 12.6
% with EAL Status in 17/18 10.635 13.809 -19.4
School PVI or Maintained 0.27027 0.37799 -23.1
School Gender Mix 0.95946 0.96651 -3.7
Total Number of Pupils in 17/18 911.07 876.01 11.0
Exposure to Other Interventions 0.51351 0.36842 294
Mean Absolute % of Bias 13.3
Treated N 115
Control N 302

Notes: Means of covariates of secondary school settings are presented for the treatment group in
column one, and for the control group in column two. “% of Bias” is generated using the post-estimation
commands from the ‘psmatch2’ package in Stata 17,26 and is defined as: the % difference of the sample
means in the treated and control sub-samples as a percentage of the square root of the average of the
sample variances in the treated and control groups. “Mean Absolute % of Bias” is the mean of the
absolute values of the % of Bias presented in the table across all covariates.

25 Leuven, E; Sianesi, B. (2018). PSMATCH2: Stata Module to Perform Full Mahalanobis and Propensity Score
Matching, Common Support Graphing, and Covariate Imbalance Testing.

26 Leuven, E; Sianesi, B. (2018). PSMATCH2: Stata Module to Perform Full Mahalanobis and Propensity Score
Matching, Common Support Graphing, and Covariate Imbalance Testing.
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In order to improve the balance across these covariates, which were listed as matching
variables in the study plan, between the treatment and control groups, we test several different
propensity score matching strategies, and assess the balance across each.

Primary Schools and Small Sample Size

Unfortunately, when testing the propensity score matching strategies on the sample of primary
schools, it became apparent that there is only a small humber of treatment schools in the
matched sample (Table 3). Under a standard nearest neighbour approach, with no
replacement and using average outcomes for the identified covariates, the sample of treated
schools falls to 43 settings after common support restrictions; this is reduced from the original
sample size of 83 settings in the treatment and 939 settings in the control group. Without
common support restrictions the sample of treated settings remains at 43, as all observations
included in the matched sample are on common support. This approach matches each
treatment setting to only one setting in the control group, where there is a control setting with
a propensity score which is suitably close. Therefore, there are the same number of settings
in both the treatment and control group within the matched sample.

Changes to the approach do not yield improvements. The sample size of treated schools falls
further to 42 settings when we retain nearest neighbour matching but switch to using
percentage outcomes for the identified covariates and falls to 41 settings when we attempt
calliper matching, with a calliper width of 1/4 of the standard deviation. In addition, coarsened
exact matching strategies were used, but performed very poorly and resulted in a very small
sample size. This is seen in Table 3, where only 19 treatment settings survive in the matched
sample after the coarsened exact matching algorithm has been run, with an effective sample
size of around 45 settings. In addition, settings included in the CEM matched sample are those
which have missing values for some, or all, of the covariates included in the matching strategy.
Therefore it is not possible to measure the % of bias among the matched sample as the mean
of some covariates is equal to zero in the matched sample. Due to this issue, as well as a
small sample size surviving the CEM process, we are not able to assess the balance (using
percentage of bias). Under a kernel matching strategy,?’ which typically generates a larger
overall effective sample size due to the weighting approach used, the sample in the treatment
group remains at 43 schools. The gains to a kernel matching strategy, in terms of effective
sample size, are confined largely to the effective counterfactual sample size, as the weighting
approach retains more schools within the counterfactual.

Following discussions with the EEF, it was decided that analysis with the primary school
sample would not continue due to the reduced power as a result of this small sample size.
Whilst kernel matching does produce a larger sample of control schools, the robustness of
any findings based on such a small sample size for the treatment group remains in question.
Using the same approach and assumptions taken in calculating MDES in the original Study
Plan, even for kernel matching, the MDES for the primary school sample is 0.352, and thus
substantially above even the worst case scenario. Therefore, we proceed with only the sample
of secondary schools, which as shown in the next section generate a larger sample size
following propensity score matching.

27 All kernel matching strategies used throughout this report utilise the Epanekinov kernel function unless
explicitly otherwise stated.
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Table 3: Percentage bias with other specifications for primary school sample.

Variable 1 NN No replacement - 1 NN No replacement - Calliper of 1/4 of SD Kernel Coarseneq Exact Unmatched
average outcomes percentage outcomes Matching Sample
Average scaled maths score in 15/16 -18.8 -8.4 -25.7 -2.1 N/A -1.9
Average scaled maths score in 15/16 -12.0 3.2 -6.7 -3.7 N/A 15.1
Average scaled reading score in 15/16 -6.2 -6.8 -7.3 1.8 N/A 12.4
Average scaled score for spell,
punctuatior?., and grammar in 15?/16 -8.8 2.0 -16.6 -1.8 N/A 26.5
Average scaled reading score in 16/17 1.7 -1.8 8.9 7.0 N/A 27.9
Average scaled score for spell,
punctuatio?\, and grammar in 18/17 -5.2 10.7 0.9 -0.8 N/A 278
% Eligible for FSM in 17/18 -12.1 -5.6 -10.1 4.6 N/A 17.2
% with EAL Status in 17/18 -11.6 -3.3 -17.4 -4.0 N/A 10.2
School Academy or maintained 23.7 24.2 24.8 5.1 N/A -0.8
Total Number of Pupils in 17/18 222 7.3 -20.8 -5.3 N/A 14.0
Exposure to Other Interventions -4.8 -4.9 -5.0 7.2 N/A 46.7
Mean Absolute % of Bias 11.55455 7.109091 13.109091 3.94545 N/A 18.22727
Treated N 43 42 41 43 19 92
Control N 43 42 41 543 101 939
Effective Sample Size 86 84 82 144.46 45.23 N/A

Notes: Different specifications of propensity score matching strategies are presented for primary schools. 1 nearest neighbour with no replacement and the average outcome
in settings shown in column 1; 1 nearest neighbour with no replacement and the percentage outcomes in settings shown in column 2; 1 nearest neighbour with no replacement
and a calliper equal to 1/4 of SD shown in column 3; kernel matching shown in column 4; coarsened exact matching in column 5; and the unmatched sample for reference
in column 6. “% of Bias” is generated using the post-estimation commands from the ‘psmatch2’ package in Stata 17,8 and is defined as: the % difference of the sample
means in the treated and control sub-samples as a percentage of the square root of the average of the sample variances in the treated and control groups. “Mean Absolute %
of Bias” is the mean of the absolute values of the % of Bias presented in the table across all covariates.

28 Leuven, E; Sianesi, B. (2018). PSMATCHZ2: Stata Module to Perform Full Mahalanobis and Propensity Score Matching, Common Support Graphing, and Covariate Imbalance Testing.
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Secondary School Specifications Tested

To explore which propensity score matching strategy produces the best sample size and the
greatest reduction in bias (i.e., generates the smallest difference between the treatment and
control groups across the covariates included), we tested several strategies. The standardised
percentage of bias for each covariate, and the absolute mean of this standardised percentage
of bias, for each of these strategies is presented in Table 4. As s clear from Tale 4, the sample
size generated from the coarsened exact matching process was so small that it was not
considered a valid strategy in this context. When including all of the covariates used in other
matching strategies to conduct CEM, the settings included in the matched sample are only
those which have missing values among the covariates. Therefore, we additionally tested the
impact of removing covariates from the matching CEM strategy, including the removal of the
average attainment scores in 2016 (i.e., only including attainment in 2017), and separately the
removal of the school gender mix and whether the school is independent or maintained. When
testing these additional CEM strategies, the sample size did not drastically improve. In
addition, we tested several different cutoff strategies including Freedman-Diaconis,
Shimazaki-Shinomoto, Sturges, and Scott cutoffs, none of which significantly increased the
sample size. Finally, we tested our own coarse cutoffs which placed observations into groups
based on two equally spaced cutoffs, the effective sample size generated is considerably
smaller than for any other method of matching even when such a crude CEM strategy is
implemented. The sample also still contains several observations which have missing values
among the covariates, such as the average maths attainment in 15/16 variable which only has
values for 23 observations. Therefore, while we present the sample size generated through
this method, we do not present an assessment of the reduction in bias, as it is not possible to
assess a reduction in bias for observations which are largely matched on missing values.
Furthermore, callipers were tested up to 1/10 of SD, however no callipers tested resulted in a
substantial change to the sample size; therefore, a calliper of 1/4 of SD was used as the final
specification included in Table 4.
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Table 4: Percentage bias with other specifications for secondary school sample

1NN No 1NN No 2NN average
Variable replacement replacement exam outcomes  Calliper of 1/4 Kernel Coarsenec_j Exact Unmatched
average exam percentage of SD Matching Sample
outcomes outcomes
Average Maths Attainment in -7.4
15/16 -1.4 7.4 -3.7 1.9 N/A 16.0
Average Maths Attainment in -1.6
16/17 3.4 5.9 0.6 -0.5 N/A 0.3
% Achieving Science in 15/16 9.1 6.2 -0.7 8.8 1.7 N/A -9.2
% Achieving Science in 16/17 14.2 9.9 9.6 12.8 2.1 N/A -8
% Eligible for FSM in 17/18 6.1 -12.0 10.1 8.0 25 N/A 12.6
% with EAL Status in 17/18 -3.9 -1.1 4.8 -3.3 -0.7 N/A -19.4
School Academy or Maintained 2.9 -5.9 2.9 3.0 -2 N/A -23.1
School Gender Mix 7.2 7.2 10.8 7.4 6.4 N/A -3.7
Total Number of Pupils in 17/18 9.7 9.1 -0.5 14.7 -3.4 N/A 11
Exposure to Other 1.1
Interventions -8.3 8.3 -8.6 -0.3 N/A 294
Mean Absolute % of Bias 6.62 7.3 6.0 7.09 215 N/A 13.3
Treated N 73 73 73 71 73 42 115
Control N 73 73 94 71 208 62 302
Effective Sample Size 146 146 148 142 199.69 75 N/A

Notes: Different specifications of propensity score matching strategies are presented for secondary schools. 1 nearest neighbour with no replacement and the average
outcome in settings shown in column 1; 1 nearest neighbour with no replacement and the percentage outcomes in settings shown in column 2; 2 nearest neighbours with
average outcomes in column 3; 1 nearest neighbour with no replacement and a calliper equal to 1/4 of SD shown in column 4; kernel matching shown in column 5; coarsened
exact matching in column 6; and the unmatched sample for reference in column 7. “% of Bias” is generated using the post-estimation commands from the ‘psmatch2’ package
in Stata 17,%° and is defined as: the % difference of the sample means in the treated and control sub-samples as a percentage of the square root of the average of the sample
variances in the treated and control groups. “Mean Absolute % of Bias” is the mean of the absolute values of the % of Bias presented in the table across all covariates.

29 Leuven, E; Sianesi, B. (2018). PSMATCHZ2: Stata Module to Perform Full Mahalanobis and Propensity Score Matching, Common Support Graphing, and Covariate Imbalance Testing.
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As is shown in Table 3, both one nearest neighbour with no replacement strategies result in
smaller mean absolute standardised percentage of bias than the unmatched sample, but do
not perform as well as the kernel matching strategy. The one nearest neighbour strategy which
uses the average outcomes in each setting results in a greater reduction of bias than the one
nearest neighbour strategy which uses the percentage of students achieving minimum
outcomes. As a result, all other strategies reported use average outcomes rather than
percentage outcomes. As shown in Table 4, a calliper of 1/4 of SD has very little impact on
the matching process, and altering the calliper widths did not substantially change these
results. The sample size remains very similar, with only two settings lost from the treatment
and two from the control, and there is no reduction in the mean absolute percentage of bias.
We additionally tested a 1:2 nearest neighbour matching strategy, which resulted in only a
nominally larger effective sample size and a largely similar level of reduction in bias as the
one nearest neighbour strategies.

The kernel matching strategy results in the smallest mean absolute standardised percentage
of bias at 2.15%, in contrast to the 13.3% in the unmatched sample. Of particular note is the
reduction in the average maths attainment in 2015/2016 (reduced from 16% bias to 1.9%
bias), the percentage eligible for FSM (reduced from 12.5% bias to 2.5% bias); and the total
number of pupils (reduced from 29.4% bias to -0.3% bias). However, kernel matching does
result in a slight increase of bias in the school gender mix (from -3.7% to 6.4%) and a very
small increase in bias for the average maths attainment in 2016/2017 (from 0.3% to -0.5%).
In addition to representing the greatest reduction in the mean absolute standardised
percentage of bias, kernel matching also generates the largest sample size.

Secondary School Kernel Matching and Effective Sample Size

The matched sample following the kernel matching process includes 208 settings in the control
and 71 settings in the treatment. However, since kernel matching is used during this process,
the settings in the control are given a weight which is not equal to one (as would be the case
in nearest neighbour matching); instead each setting in the control is given a weight between
0.01 and 0.99. A pure count of the number of control and treatment settings does not reflect
the weighting assigned to each unit and so is not a suitable indication of effective sample size.
We calculate the effective sample size using the following equation:3°

£ e S o Si (X Weights)?

ffective Sample Size = S (Weights?)
By adjusting for the weights generated during the kernel matching, the effective sample size
gives a more realistic indication of the relative sample size gains made in using kernel
matching, when compared to other non-weighting approaches. The effective sample size for
kernel matching is calculated at approximately 200 observations. For comparison, the total
sample size for 1 nearest neighbour matching with no replacement, as calculated by adding
the treatment and control settings together, is just 146 observations. Therefore, even after
accounting for the weights created during the kernel matching process, there are substantial
gains to sample size under kernel matching. Given the kernel approach generates a better-
balanced counterfactual, producing the smallest mean absolute standardised percentage of
bias, and a higher effective sample size, we proceed with the kernel matching. Using the same
approach for power calculations used in the original Study Plan, the MDES for the kernel
approach is 0.284, and sits within the worst-case and best-case scenarios outlined in the
Sample Size Calculations section above.

30 Golinelli, D; Ridgeway, G; Rhoades, H; Tucker, J; Wenzel, S. (2012). Bias and Variance Trade-Offs When
Combining Propensity Score Weighting and Regression: With an Application to HIV Status and Homeless Men.
Health Services and Outcomes Research Methodology, Vol. 12, Pp 104-118.
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Secondary School Balance

Given kernel matching appears to be the best approach in this situation, we present the
balance between the treatment and matched counterfactual groups for kernel matching in
greater detail. Table 5 presents mean of the treatment and weighted control group for each of
the covariates used in the matching process, as well as the standardised percentage of bias
and mean absolute standardised percentage of bias (as previously seen in Table 4).

Table 5 - Balance in the kernel matched secondary school sample

Variable Treatment Control % of Bias
Average Maths Attainment in 8.9137 8.8947 1.9
15/16
Average Maths Attainment in 7.8575 7.8625 -0.5
16/17
% Achieving Science in 15/16 0.48411 0.48152 1.7
% Achieving Science in 16/17 0.47479 0.4719 2.1
% Eligible for FSM in 17/18 36.11 35.755 2.5
% with EAL Status in 17/18 10.767 10.88 -0.7
School PVI or Maintained 0.27397 0.28321 -2
School Gender Mix 0.9589 0.94675 6.4
Total Number of Pupils in 17/18 911.12 921.88 -3.4
Exposure to Other Interventions 0.50685 0.50817 -0.3
Mean Absolute % of Bias 2.15
Treated N 73
Control N 208
Effective Sample Size 199.69

Notes: Means of covariates of secondary school settings are presented for the matched sample
following kernel matching. The treatment group is shown in column one, and the control group in column
two. “% of Bias” is generated using the post-estimation commands from the ‘psmatch2’ package in
Stata 17,3 and is defined as: the % difference of the sample means in the treated and control sub-
samples as a percentage of the square root of the average of the sample variances in the treated and
control groups. “Mean Absolute % of Bias” is the mean of the absolute values of the % of Bias presented
in the table across all covariates.

These standardised percentage of bias from Table 5 is shown below in Figure 1, where it is
compared with the standardised percentage of bias for the unmatched sample (from Table 1).
Figure 1 demonstrates the reduction in bias as a result of the kernel matching process, as for
all covariates other than the gender mix of schools the percentage of bias is considerably
lower in the matched sample.

31 Leuven, E; Sianesi, B. (2018). PSMATCH2: Stata Module to Perform Full Mahalanobis and Propensity Score
Matching, Common Support Graphing, and Covariate Imbalance Testing.

55



Figure 1 - Standardised percentage of bias for the kernel matched and
unmatched samples
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Note: The standardised percentage of bias across the covariates used during the kernel propensity
scoring matching process for the unmatched sample (blue) and the matched sample (red).

In addition to examining the reduction in bias in the means of variables used during the
matching process, we also examine the full distribution of continuous variables in both the
treatment and control settings. In order to demonstrate the similarities in the distribution of
continuous matching variables between the treatment and control settings, we plot kernel
density plots. In the figures below, we present a comparison of plots for the matched treatment
group (i.e., only treated units which are in the matched sample) and the matched control group
(weighted as appropriate from the kernel matching methods utilised). This allows us to
compare the distribution of each matching variable in the matched treatment and control
groups. We do this for maths attainment in 2015/16 and 2016/17, for the science attainment
level in 2015/16 and 2016/17, for the percentage of pupils who are eligible for FSM and who
have EAL status in 2017/18, and the total number of pupils in the setting in 2017/18.

All of the density plots provided below perform well, with clear commonalities in the distribution
of the treatment and control groups. However, it is important to note that Figure 3 reveals that
the peak of the distribution in the percentage achieving the Science Attainment Score in
2015/16 of the treatment group is lower than that of the control group. Despite the difference
in the level of the distribution, the two distributions follow a similar pattern across the entire
outcome and there are no statistically significant differences in means between the treatment
and matched counterfactual. Therefore, we conclude that the kernel matching process, which
provide the largest effective sample size, produces an accurate match between the treatment
and control settings with regard to covariate distribution as well as means.

Figure 2 — Distribution of average Maths attainment 8 score in 2015/16 for treated and
control settings
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Figure 3 — Distribution of average Maths attainment 8 score in 2016/17 for treated and

control settings
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Figure 4 — Distribution of % achieving the Science attainment score in 2015/16 for

treated and control settings
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Figure 5 — Distribution of % achieving the Science attainment score in 2016/17 for

treated and control settings

3_

2_
—— Control
— Treatment

Density

0 -
T T T T

0 2 4 .6 8 1
% of entered pupils achieving the Science subject area in 2016/17

Notes: Kernel Density Plot of the % of pupils who achieve the required grade in Science in 2016/17 for

the treatment (red) and the control settings (blue)

Figure 6 — Distribution of percentage eligible for free school meal in 2017/18 for treated

and control settings
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Figure 7 — Distribution of percentage who have EAL status in 2017/18 for treated and

control settings
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Figure 8 — Distribution of the number of pupils in 2017/18 for treated and control
settings
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Notes: Kernel Density Plot of the total number of pupils in the setting in 2017/18 for the treatment (red)
and the control settings (blue)

Testing the Common Trends Assumption for Difference-in-Difference Estimation

Following on from assessing the effectiveness of the kernel propensity score matching
process, we now turn our attention to exploring the evidence of common trends pre-
intervention. To do so, we visually inspect figures of the mean of each outcome variable in
each year pre-intervention, and the results of chi-squared tests for each outcome to provide
evidence of the existence of common trends. These figures and statistical tests are produced
after applying the appropriate weightings created during the kernel matching process. Results
are only shown for secondary schools, as primary schools have been excluded from analysis
due to the small sample size generated during the matching process, as discussed in the
previous section. Whilst it would be possible to test for the parallel trend assumption in the
unmatched primary school sample, it is unlikely that this unmatched sample could be used for
analysis due to large imbalances across covariates; this is the driving force behind the use of
the PSM method throughout this analysis. In addition, the limited number of observable pre-
intervention periods would likely make establishing parallel trends between treatment and
control primary schools difficult.

Despite this, it is important to note that the evidence presented within this section intends to
explore whether pre-intervention trends were on common paths for secondary schools, a key
underlying assumption of the DIiD method. However, we are not able to prove that these
common trends would have continued post-intervention, in the absence of treatment for the
treated group. In addition, data made available as outlined in this Study Plan (Study Design
section, p. 26 — 27) only allows us to examine the pre-intervention trends for two points in time,
for the academic years 2015/16 and 2016/17, with the intervention beginning for the first cohort
in the academic year 2017/18. Generally a longer pre-intervention time series improves
confidence in the satisfaction of the parallel trends assumption. Given this more limited pre-
intervention time series, we cannot exclude the possibility that treatment and control schools
were on different trends prior to the academic year 2015/16.
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Since we have completed a propensity score matching exercise on a set of covariates which
are similar to those of the outcome, producing a balanced counterfactual group on the
observable variables, we would expect that trends between the matched treatment and control
groups would be similar pre-intervention. However, we note that we could not use some pre-
intervention outcome variables (teacher wastage and turnover) and maintain a single,
consistent counterfactual across the evaluation, due to limitations on data usage and linking
within the SRS. It was decided that, to allow for comparisons to be drawn across the secondary
outcomes, a single consistent counterfactual should be used.

There is some evidence that both treatment and control settings may share common trends
in the pre-intervention period for the average teacher turnover rates. Figure 9 depicts these
trends in a graph. Whilst there is some divergence in the academic year 2016/17, with the
outcome higher in treatment settings than in control settings, it is not sufficient to result in a
statistically significant violation of the common trends assumption. We conduct a chi-squared
test of the null hypothesis that the two groups share a common trend prior to the intervention.
As evidenced in Table 6, we fail to reject the null hypothesis (p-value = 0.117), suggesting we
do not have sufficient evidence to reject the common trends assumption pre-intervention. On
this basis, we will proceed cautiously under the assumption of parallel trends, and will ensure
the evaluation report is appropriately caveated, given the limited pre-intervention time series
and the possibility of a degree of divergence, even if not statistically significant, as indicated
in the graph.

Similarly, there is some evidence that both treatment and control settings may share common
trends in the pre-intervention period for the average teacher wastage rates. Figure 10 depicts
these trends graphically, with the treatment and control means equivalised at the first time
point (2016), generated as output from a linear model. This means that Figure 9 and Figure
11 are intended only to allow for comparisons of trends between the treatment and control,
and is not informative of the true levels of the observed means in these groups. Figure 10 and
Figure 12 are plots of the true observed means, and therefore contain confidence intervals
surrounding the plotted time points. There is some limited evidence of divergence in 2016/17,
which is not sufficient to result in a statistically significant violation of the common trends
assumption prior to the intervention. This is confirmed by the results presented in Table 7,
which once again fails to reject the null hypothesis of common trends pre-intervention (p-value
= 0.577). This suggests we have cannot reject the common trends assumption in the pre-
intervention period.

These results, taken together, suggest that the treatment and control settings could share
common trends in the secondary outcomes. As a result, we propose moving forward with the
DiD analysis using the sample produced by the kernel propensity score matching process
described in the section above. Nevertheless, the results reported in the evaluation report will
be appropriately caveated to reflect a degree of uncertainty in whether the parallel trends
assumptions are likely to be satisfied, given the limited pre-intervention time series available
for analysis.

Figure 9 — Trends in the rate of teacher turnover for matched secondary schools;
equivalised means
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Note: Trends are plotted as the mean of the outcome (rate of teacher turnover) in the linear model
generated following the DiD specification for the treatment group (red) and control group (blue). The
means of the treatment and control groups are equivalised in the first time point (2016), and therefore
do not represent the true observed means. This is intended to more easily allow comparison of pre-
intervention trends but does not represent meaningful outcome means. The red dotted vertical line
highlights the year in which the intervention was implemented (2018).

Figure 10 — Trends in the rate of teacher turnover for matched secondary schools; true
means
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Note: Trends are plotted as the mean of the outcome (rate of teacher turnover) in the linear. Confidence
intervals are plotted for each time point. Observed means are plotted.

Table 6 — Chi-Squared test of common trends for teacher turnover for matched
secondary schools
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F(1, 280) Prob > F
2.48 0.117

No. obs: 281

Note: Chi-Squared test with a null hypothesis that the treatment and control group share common trends
pre-intervention. Results are shown for the rate of teacher turnover outcome, the F-Statistic is shown
in column one while the probability of observing a higher F-Statistic, conditional on the null being true,
is shown in column two.

Figure 11 — Trends in the rate of teacher wastage for matched secondary schools;
equivalised means
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Note: Trends are plotted as the mean of the outcome (rate of teacher turnover) in the linear model
generated following the DiD specification for the treatment group (red) and control group (blue). The
means of the treatment and control groups are equivalised in the first time point (2016), and therefore
do not represent the true observed means. This is intended to more easily allow comparison of pre-
intervention trends. The red dotted vertical line highlights the year in which the intervention was
implemented (2018).

Figure 12 — Trends in the rate of teacher wastage for matched secondary schools; true
means
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Note: Trends are plotted as the mean of the outcome (rate of teacher wastage) in the linear. Confidence
intervals are plotted for each time point. Observed means are plotted.

Table 7 — Chi-Squared test of common trends for teacher wastage for matched
secondary schools

F(1, 280) Prob > F
0.31 0.577
No. obs: 281

Note: Chi-Squared test with a null hypothesis that the treatment and control group share common trends
pre-intervention. Results are shown for the rate of teacher wastage outcome, the F-Statistic is shown
in column one while the probability of rejecting the null hypothesis is shown in column two.

i This template is designed to report non-experimental designs using data from the National Pupil
Database. These guidelines are aligned with standards for reporting observational studies (GRACE,
STARD and STROBE). https://www.graceprinciples.org/; http://www.stard-statement.org/;
https://www.strobe-statement.org/index.php?id=strobe-home
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