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Abstract

This thesis consists of three standalone papers which explore the extent to which education policies

can change children’s outcomes, whether they tend to do this for better or for worse, and what factors

get in the way.

Chapter 1 explores changes in the attainment gaps between pupils from different ethnic groups

when grades are assigned by teacher predictions rather than through blindly marked examinations.

When grades are assigned by teachers, ethnic minority pupils in England receive higher grades in

maths and lower grades in English relative to White British pupils and compared to when grades

are assigned through exams. Using Gelbach decompositions, we show that observed characteristics

partly explain the maths gap changes but amplify those in English. We conclude that group-specific

stereotyping is a convincing explanation of the results.

Chapter 2 evaluates the medium-term effects of an extended play-based learning policy for early

childhood in Wales – the Foundation Phase – on a range of school-related outcomes. I use a staggered

difference-in-differences research design to compare pupils who received the Foundation Phase to

pupils who instead received formal education between ages five and seven. I find no evidence of

effects at ages 11 or 16.

Finally, Chapter 3 studies sibling spillover effects in temporary exclusions and unauthorised

absences in England. We estimate sibling spillover effects when siblings are in the same grade and

use a novel instrumental variable strategy exploiting variation in the behaviour of older siblings’ peer

groups within and across school cohorts. We find evidence of modest spillover effects from the older

to the younger sibling in both exclusions and absences. We also find that sibling pairs are more likely

to be excluded for the same stated reason, suggesting that role modelling is a plausible mechanism for

our results.
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Introduction

Education policy is generally designed to address one or more of the competing political goals of

democratic equality, social efficiency and social mobility (Labaree, 1997). In recent years the goals of

social efficiency and social mobility have increased in prominence in the UK; education is a means to

secure employment outcomes, rather than an end in its own right, and emphasis is placed on breaking

down barriers to individuals’ successes. This focus is largely a reflection of the wider economic

context. When standards of living are falling and wealth inequality is on the rise, education can be seen

as a lifeline and a ticket to greater security, and schools powerful tools for change. Well-structured,

evidence-informed policies, it is assumed, should be capable of improving outcomes and facilitating

all children to reach their potential.

Unfortunately, empirical research consistently shows that inequalities in educational outcomes

are stubbornly persistent. Factors such as socio-economic background, prior attainment and other

early-life experiences explain the vast majority (around 80 to 90 percent) of variation in grades at

the end of secondary schooling (Wilkinson et al., 2018). In England, the attainment gap between

children from disadvantaged backgrounds and their more advantaged peers is already evident by the

time children start school, and it remains wide at age 16 (Farquharson et al., 2024). Despite decades

of reform, the scale and persistence of this gap suggests that many policies either do not target the root

causes of inequality, or are unable to overcome them. This raises important questions about the limits

of policy intervention in education and what circumstances are necessary to help it to succeed.

The three essays that constitute this thesis, each of which can be understood as a standalone

academic paper, explore the extent to which education policies can change children’s outcomes,

whether they tend to do this for better or for worse, and what factors get in the way. Using large-

scale administrative data from England and Wales, these papers examine three different domains in
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which education policy plays out in the real world: how different forms of assessment increase or

diminish gaps in attainment, whether curriculum reform in early childhood education leads to lasting

improvements, and how struggles with educational engagement spill over within families. Each paper

uses quasi-experimental methods to shed light on a different mechanism through which policy may

succeed or fail in shaping outcomes. Together, they offer a perspective on what education policy can

achieve and where it runs up against deeper constraints.

Across these three papers a common theme emerges: education policy often falls short because

it fails to account for practical, familial or structural constraints. Different forms of assessment, for

example, risk reproducing inequalities due to historical patterns in attainment and unconscious biases

held by assessors. Curriculum and pedagogical reforms may depend on substantial training and

resources to meaningfully change what happens in classrooms. And any education policy’s effects

must be substantial to counteract wider factors outside of the control of schools (such as the family

environment) that determine children’s outcomes. Overall, each paper highlights the complexity of the

educational process. Together, they underscore how policy which overlooks the real-world interplay

of schools, families and broader systems is likely to fall short of its aims, however well-intentioned

those aims may be.

Chapter 1 explores whether and how grades assigned using different forms of educational as-

sessment differ systematically according to pupils’ characteristics. To do this, we exploit a change

in assessment methods in England which occurred during the Covid-19 pandemic. In March 2020,

concerned about the possible spread of infection within schools, the government decided to cancel a

series of high-stakes examinations and to instead use teachers’ best predictions of the grades that pupils

would have received in their place. We treat this change in the medium of assessment as exogeneous,

and compare grade gaps in attainment between ethnic minority and White British pupils in 2020, when

grades were assigned by teachers, to those in previous years, when test scores were assigned through

examinations. We find that, when grades are assigned by teachers, ethnic minority pupils tend to do

relatively better than White British pupils in maths and relatively worse than White British pupils in

English compared to when the grades are from externally marked examinations.

As we are unable to directly relate any changes in outcomes between groups to teacher stereotyping,

we then follow the literature in ruling out as many other potential channels that may explain the group-
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specific grade gap changes as possible. Primarily, we use an extension of the Gelbach decomposition

(Gelbach, 2016) to investigate whether any changes in grade gaps can be accounted for by differences

in the levels of, or returns to, observed characteristics between the 2019 and the 2020 cohorts. We

find that, while changes in observed characteristics and their returns between 2019 and 2020 explain

part of the higher maths grades attained in 2020 by ethnic minority pupils relative to White British

pupils, they do not explain the relatively lower grades attained by ethnic minority pupils in English. In

fact, our analysis suggests that accounting for these changes in observed characteristics would roughly

double the magnitude of the grade gap changes in English. We also find that the grade gap changes are

not driven by time trends or ceiling effects. We conclude that group- and subject-specific stereotyping

is likely to drive at least part of the differences in performance between ethnic groups when grades are

assigned by teachers.

Chapter 2 explores the question of what skills and capacities early childhood development policies

should target, and how. To do this I evaluate the Pilot phase of an extended play-based learning policy

for children between ages five and seven in Wales against a counterfactual of formal schooling. This

policy – called the Foundation Phase – was piloted through a staggered roll-out in 43 schools between

2004 and 2009. My analysis therefore implements a staggered difference-in-differences research

design comparing consecutive cohorts of pupils attending schools. I address recent econometric

concerns with heterogeneous treatment effects in settings with staggered treatment timing by using

the imputation-based difference-in-difference estimator proposed by Borusyak et al. (2024), and use

carefully selected control variables to make the conditional parallel trends assumption more plausible.

I find no evidence of effects of the Foundation Phase Pilot on pupils’ school-related outcomes at

ages 11 or 16, including on their academic attainment, educational progression, school attendance and

school exclusions. This is an interesting result as it suggests that, on average, pupils who received two

fewer years of direct instruction during early Primary education still achieved similarly to their peers

in later education, made similar decisions about their educational pathways, and exhibited similar

school-related behaviours. It might be that there are contemporaneous effects at a younger age which

have already faded out by the time pupils reach ages 11 or 16, or so-called ‘sleeper’ effects which only

appear at older ages. In addition, should there be any time-sensitive skills and capacities which greater

play-based learning afforded the pupils receiving the Pilot provision but which I am unable to measure
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in my data – for example, positive attitudes towards learning, improved wellbeing or active citizenship

– then these results suggest that it might be possible for children to develop those skills and still catch

up with their peers on standard measures.

Finally, Chapter 3 investigates the extent to which non-cognitive skills are transmitted between sib-

lings. We do this by estimating the spillover effects in siblings’ temporary exclusions and unauthorised

absences, which are two important behavioural outcomes which we can observe for all state-educated

pupils in England. The identification of sibling spillover effects is challenging because of the many

traits and environments that siblings share. We attempt to overcome this primary identification issue

by using an instrumental variable approach whereby the older sibling’s exclusions and unauthorised

absences are instrumented using idiosyncratic variation in the misbehaviour of the school peers with

whom they share the most observable characteristics and thus spend, we assume, the most time. In

essence, our approach is similar to a refined school fixed effect and instrumental variable estimation

exploiting quasi-random variation in peer groups within and across school cohorts.

We find evidence of modest spillover effects in temporary exclusions and unauthorised absences

from older siblings to younger siblings when they are in the same grade. We also find larger effects for

sibling pairs who are closer in age, and that sibling pairs are more likely to be excluded for the same

stated reason, making role modelling a plausible mechanism for our results. We find that siblings who

are more economically disadvantaged have slightly larger spillover effects than those who are more

advantaged. This suggests that such externalities may have implications for persistent inequalities.

It also suggests that spillover effects should be included in estimations of the aggregate effects of

targeted interventions, as otherwise policy makers and evaluators may underestimate the impact on

inequalities of interventions that successfully improve the non-cognitive skills of disadvantaged pupils

who are also older siblings.

The remainder of this thesis consists of each chapter presented separately, followed by some

concluding remarks.



1 Stereotyping and Ethnicity Gaps in Teacher
Assigned Grades

1.1 Introduction

Pupils are regularly assessed directly by teachers in educational settings. However, non-blind teacher

assessments have been found to be susceptible to group-specific stereotyping, for example by ethnic

group or gender (Botelho et al., 2015; Carlana, 2019). Stereotypes are beliefs that people have about

groups with a particular characteristic and are often held unconsciously, including by teachers (Starck

et al., 2020). When held, stereotypes may inform the ‘mental shortcuts’ that teachers use when they

assess pupils (Burgess and Greaves, 2013), and can affect pupils in a number of important ways.

They contribute to the formation of pupils’ own beliefs about their ability in school subjects and are

instrumental for the subjects they choose (Burgess et al., 2022) as well as for their performance in

tests (Lavy and Sand, 2018). In many contexts non-blind teacher assessments also directly influence

pupils’ education trajectory at major branching points, for example in England where teacher grade

predictions are used for university applications, in Germany where teacher assessments affect school

tracking decisions, or in the US where they inform pupils’ Grade Point Averages. Whether and how

grades assigned by teachers differ systematically according to pupils’ characteristics is therefore an

important consideration for education policy.

This paper examines the contribution of stereotyping to attainment gaps between pupils from

different ethnic groups when grades are assigned by teachers. We focus on attainment gaps between
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White British pupils and pupils from the four largest non-White ethnic groups in England in national

examinations at the end of compulsory full-time schooling, at age 16. In England, ethnic minority

pupils are less likely to enrol into competitive university courses than their White peers with the same

educational profile and preferences, driven in part by a mismatch between predicted and achieved

grades (Del Bono et al., 2022). The contribution of stereotypes to teacher assessments may help to

explain differences by ethnicity in important outcomes such as this.

We use data from the National Pupil Database, an administrative dataset of children in state-funded

schools in England containing students’ grades as they progress through school. We focus on two

core subjects that are compulsory for all pupils at age 16: English and maths. We exploit a change in

assessment methods during the 2020 Covid-19 pandemic, when examinations were cancelled, and

teachers were instead asked to predict the grades the pupil would have received had the examinations

taken place. We compare grade gaps in attainment between ethnic minority and White British pupils in

2019, when test scores were assigned through blindly marked examinations, and in 2020, when grades

were assigned by teachers. This double difference approach captures changes in ethnicity grade gaps

resulting from the change in assessment methods. Because stereotyped beliefs are unobservable in our

data (as they often are for teachers themselves) it is not possible for us to directly relate any changes

in outcomes between groups to teacher stereotyping. Instead, we follow the literature in ruling out

as many other potential channels that may explain group-specific grade gap changes as possible, and

interpret stereotyping as the most likely source of unexplained grade gap changes (Botelho et al., 2015;

Burgess and Greaves, 2013).

We document that, when grades are assigned by teachers, ethnic minority pupils tend to do

relatively better than White British pupils in maths and relatively worse than White British pupils in

English compared to when the grades are from externally marked examinations. Grades were between

10 and 20% of a grade higher for ethnic minority compared to White British pupils in maths in 2020,

when grades were assigned by teachers, compared to in previous years, whereas in English they were

about 7% of a grade lower (with the exception of Black Caribbean pupils). Though small, these

changes are not unimportant. Pupils who marginally fail to obtain a pass in English at age 16 are about

nine percentage points less likely to enrol in an upper secondary qualification (Machin et al., 2020),
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and a one grade increase in maths is estimated to be associated with an increase of £14,579 in present

value of lifetime earnings (Department for Education, 2021).

To assess the potential contribution of stereotyping to the ethnicity grade gap changes between

2020 and 2019, we consider other channels that are not related to teacher stereotyping but may drive

the changes we observe. We start off by examining time trends in students’ age 16 grades in maths

and English. Next, we use an extension of the Gelbach decomposition (Gelbach, 2016) to investigate

whether any changes in grade gaps can be accounted for by differences in the levels of, or returns

to, observed characteristics between the 2019 and the 2020 cohorts. Third, as pupils received higher

grades in 2020 on average, we complete separate decomposition analyses by prior attainment group to

investigate whether any changes in grade gaps might be driven by ceiling effects.

Changes in observed characteristics and their returns between 2019 and 2020 explain part of

the higher maths grades attained in 2020 by ethnic minority pupils relative to White British pupils.

However, they do not explain the lower grades attained by ethnic minority pupils, relative to White

British pupils, in English. In fact, our analysis suggests that accounting for these changes in observed

characteristics would roughly double the relative drop in the English performance of ethnic minorities

that followed the switch to teacher assessments. We also find that the grade gap changes are not

driven by time trends or ceiling effects. There may remain characteristics which contribute to the

ethnicity grade gap changes in 2020 but are unobservable in our data. Nonetheless, as long as no

other explanations account for the ethnicity grade gaps changing in a positive direction for maths and

negative direction for English, we argue that group- and subject-specific stereotyping is likely to drive

at least part of the differences in performance between ethnic groups when grades are assigned by

teachers.

As we will detail later, the timing of the announcement to cancel examinations in 2020 allows us to

rule out that a change in teaching practices that might differentially favour pupils by ethnic background

could be responsible for the differences we find between ethnicity grade gaps in 2020 and in years in

which exams were externally marked. The announcement that examinations were to be cancelled in

England occurred just two months before exams were due to begin, so that teaching practices remained

largely constant across years. Teachers were also instructed to base their grade predictions only on

pupils’ work prior to the announcement rather than on any work completed after school closures.
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Indeed, while it is possible that teachers’ predictions were still informed by differences in pupils’

home learning experiences during Covid-19, a substantial proportion of teachers actually stopped

interacting with their pupils altogether after school closures (Eivers et al., 2020), and there is evidence

that teachers primarily based their grades on the results of practice examinations taken a few months

prior (Holmes et al., 2021).

The first contribution of this paper is to the literature on stereotyping which is concerned with

explaining and documenting stereotypes in social situations. Our results diverge in two interesting

ways from previous findings. First, we document a case where a specific group appears to be subject

to both positive and negative stereotypes. While coexisting positive and negative stereotypes are

themselves not unusual – for example, wealthy individuals might be viewed as both more assertive and

more immoral (Tanjitpiyanond et al., 2022) – there is considerably less evidence showing divergent

stereotypes within the same broad competency, such as academic achievement, outside the English

context.1 Both positive and negative stereotypes are important in our context, as both can be harmful

if they affect pupils’ choices or opportunities. Second, our results are prima facie inconsistent with

economic approaches whereby stereotypes are held to be manifestations of statistical discrimination

(Phelps, 1972) or representativeness heuristics (Bordalo et al., 2016; Esponda et al., 2023). In our case,

most ethnic minority groups normally attain more highly than their White British peers in both maths

and English, which is at odds with these explanations.

Second, this paper contributes to the literature in economics which attempts to identify the effects

of using different forms of assessment, such as classroom-based assessments or examinations, in

educational settings. The methodological difficulty that much of this literature seeks to overcome is

that teachers often educate and assess the same pupils, making it impossible to distinguish whether

effects are driven by assessment or teaching practices (Dee, 2005). Most papers address this difficulty

by comparing “blind” (examination) and “non-blind” (teacher) assessments of the same pupil (Burgess

and Greaves, 2013; Campbell, 2015; Lindahl, 2007). However this approach rests on the sometimes

1The vast majority of international evidence on teacher stereotyping finds evidence of bias and stereotyping only in
the same direction across subjects, including a negative bias against girls (Alan et al., 2018; Lavy and Megalokonomou,
2019; Lavy and Sand, 2018), against boys (Lavy, 2008; Lindahl, 2007), against immigrant pupils (Alesina et al., 2018;
De Benedetto and De Paola, 2023), Black pupils (Botelho et al., 2015), or those perceived low-caste (Hanna and Linden,
2012). Exceptions are Terrier (2020), who finds a negative bias against boys only in maths and not in French, and Black
and de New (2020), who find a negative bias against overweight pupils only in maths and not in literacy. It is worth noting
that neither of the latter papers find a positive bias in the non-maths subject.
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strong assumption that both assessment methods measure the same skills. For example, many studies

compare examinations intended to provide a “snapshot” of pupils’ performance in examination settings

with teacher judgements which consider pupils’ written, practical, and oral classwork over an entire

academic year (Gibbons and Chevalier, 2008). Exploiting an exogenous change in national assessment

methods as we do has, to our knowledge, not been done before, but does offer unique benefits. The

teachers providing non-blind assessments in 2020 were asked to report the grade that they predicted

their pupils would achieve had they taken blindly marked examinations. Although we cannot be

certain that teachers were able to entirely disregard information they had about students that was

irrelevant to the prediction of their exam grade, including information gathered both before and after

school closures, this approach provides a level of comparability at least in intended outcome which is

arguably greater than in some of the existing studies.

Third, this paper contributes to a literature which specifically examines systematic differences in

teachers’ assessments of pupils from minority or non-native ethnic groups. Measured effects tend

to depend on the context being studied.2 In England, ethnic minority pupils aged seven to 14 have

consistently been found to receive lower teacher assessed grades than examination grades in English,

and either similar or higher teacher assessed grades than examination grades in maths (Burgess and

Greaves, 2013; Campbell, 2015; Gibbons and Chevalier, 2008).3 However, the evidence regarding

pupils older than age fourteen is scarce.4 This is notable because ethnic minority pupils in England

generally attain more highly relative to White British pupils as they get older (Dustmann et al., 2010),

making it likely that teachers’ perceptions of their skills and knowledge will also change. This

paper, by focusing on teachers’ predictions of ethnic minority pupils’ performance across compulsory

2Alesina et al. (2018), for example, find evidence of a negative grading bias for age 14 immigrant pupils in Italy, while
Van Ewijk (2011) finds no evidence that pupil ethnicity directly affects the grades that teachers give age 11 pupils in the
Netherlands, rather affecting teachers’ expectations of those pupils.

3Comparing teacher assessments with examination grades at age seven, Campbell (2015) finds that all non-White
groups in her sample receive lower teacher assessed grades in reading but similar teacher assessed and examination grades
in maths. Comparing teacher assessments with examination grades at age 11, Burgess and Greaves (2013) find that pupils
from Pakistani, Black African, and Black Caribbean backgrounds are approximately twice as likely to receive lower
teacher assessment grades than White British pupils in English, whereas for maths these likelihoods are much more similar
to White British pupils for nearly all groups. Comparing teacher assessments with examination grades at age fourteen,
Gibbons and Chevalier (2008) find that pupils from all ethnic minority groups have significantly lower teacher assessments
and higher examination grades in English, but higher teacher assessments and lower examination grades in maths.

4One exception is Murphy and Wyness (2020), who compare teacher predictions with examination grades that pupils
receive at age 18, and find that Black and Asian pupils are more likely to be over-predicted than White British pupils.
However due to data restrictions the authors are unable to differentiate between the subjects that the pupils study, which, at
age 18, are entirely determined by pupils’ preferences.
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subjects in high-stakes examinations taken at age 16, therefore adds to a growing picture regarding the

attainment and experiences of ethnic minority pupils as they progress through schooling in England.

Predicted grades also have particular policy relevance in the setting studied; as teacher predictions of

pupil examination performance are used by both further and higher education providers in England to

compare applicants, our findings can also inform ongoing, national policy debates about current pupil

assessment and university admissions procedures (Department for Education, 2022).

The paper proceeds as follows. Section 1.2 provides information on the institutional context.

Section 1.3 outlines the data and sample used. Section 1.4 documents ethnic minority attainment

gaps and how they changed in 2020. Section 1.5 explores the role of time trends, while Section 1.6

uses decomposition analysis to explore the extent to which differences between the cohorts may have

driven the patterns in ethnicity grade gap changes. Section 1.7 investigates whether ceiling effects

matter for our findings. Section 1.8 provides robustness checks. Section 1.9 concludes.

1.2 Institutional context

1.2.1 School assessments in England

Pupils in England take examinations for the General Certificate of Secondary Education (GCSEs) at

the end of full-time compulsory schooling, the summer of the year in which they turn 16. Pupils usually

take examinations in eight or nine subjects, with maths and English (and science) as compulsory.5 The

examinations are graded from one (low) to nine (high), with any scores below a one awarded a ‘U’ for

‘ungraded’. Grade boundaries are set by a national regulatory body once the distribution of raw marks

is known so that the proportion of pupils achieving each grade is roughly comparable between years.

School-level averages are then reported in league tables to parents although, to disincentivise schools

5Although science is a compulsory subject, students can choose to take double or triple science. For triple science,
students study separate GCSEs in biology, chemistry and physics, while for double science these subjects are combined
and students receive a grade on a different scale. The two qualifications are therefore not comparable across students and,
given this fact and the fact that we do not have prior attainment measures for science at age 11, we do not use science as a
main outcome. However we do provide, in Appendix Figure A.1, a graph of raw grade gaps in 2018, 2019, and 2020 for
science, treating grades in double and triple science as comparable (we cannot include grades for 2017 as reformed science
GCSEs began in 2018). The figure shows that the pattern of grade gap changes for science are similar to those we will
show for maths in Section 1.4. As science and maths are both broadly STEM (as opposed to ‘arts’) subjects, this arguably
expands and strengthens the case for group- and subject-specific stereotyping as a possible explanation for at least part of
the grade gap changes that we observe for maths and English.
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from prioritising pupils on the margin of achieving a pass grade (four), value-added measures are also

given emphasis in national accountability frameworks. GCSE grades are highly determinate of the

options available to pupils for post-16 education and training (Machin et al., 2020). For example most

universities require applicants to have at least a grade four in English (either English Literature or

English Language, whichever is higher) and maths, and any pupils who do not achieve this grade at

age 16 are legally obliged to continue studying the subjects the following year.

There is little scope for grading bias in the English examination system. Grades for English

Literature, English Language, and mathematics GCSE qualifications are entirely determined by pupils’

performance in examinations taken at the end of a two-year course. The exam papers are externally

and blindly marked by qualified teachers either from other schools or no longer in the profession, and

identified by anonymous candidate numbers instead of names. Pupils’ handwriting is visible to the

external marker and could give away a group identity – for example if handwriting differed by gender

– yet grading biases associated with handwriting have not been supported by existing evidence (Baird,

1998). It is possible for pupils to take examinations early and this could give rise to bias if it is more

likely to occur for certain groups. However early entry accounts for an average of only 2.4% of entries

for English Literature, English Language, and mathematics (Department for Education, 2020a), and is

no more likely to occur for certain ethnic groups than for others. Schools are also able to send exam

scripts to be regraded once results have been received, though this occurrence again is rare (0.05% of

pupils in 2019 (Ofqual, 2020a)) and uncorrelated with pupils’ demographic characteristics (Machin

et al., 2020).

1.2.2 The change in assessment methods

Figure 1.1 is a timeline detailing the change in assessment methods in 2020. In England, the school

year begins in September. Schools were instructed to close because of the Covid-19 pandemic on 18th

March 2020. The same announcement saw the cancellation of GCSE examinations scheduled for May

and June that year. On 3rd April teachers received guidance indicating that they would be required to

assign grades in place of the examinations. By mid-June schools were then asked to submit, for each

pupil and for each subject in which pupils were entered, the grade that they judged the pupil would

most likely have received had the examinations taken place. They were also asked to submit a rank
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Figure 1.1 Timeline showing details of the examination cancellations and teacher assigned grades in 2020

order of each pupil in each subject. The grades and rankings were accompanied by evidence, mainly

comprising marks and scripts from ‘mock’ (practice) examinations taken by pupils prior to school

closures, often in January or February (Holmes et al., 2021). Although a statistical moderation process

on these grades was initially implemented by a national regulatory body, it was later discarded due to a

loss of public confidence in the process. As a result, 95% of GCSE grades received by pupils in 2020

were the predicted grades assigned directly by teachers and schools, with the remaining five percent

calculated through statistical modelling (Ofqual, 2020c).

Precautions were taken to ensure that the grades that pupils received in 2020 were as comparable to

those of previous cohorts as possible (Ofqual, 2020d). Schools were instructed to base their judgements

on existing evidence rather than any work completed by pupils after school closures, and a survey

completed by teachers shortly after the grades had been submitted showed that practice (‘mock’)

examinations – which tend to be sat in exam conditions and are marked by the teacher using official

marking schemes – were indeed the primary source of evidence used to inform and support their

predictions (Holmes et al., 2021).6 Judgements made by individual teachers were also signed off by at

6Marks from mock examinations are kept ‘on file’ to use to facilitate progression to further education, training, or
employment if the pupil is unable to sit the actual exam, so must be marked strictly. Teachers have little incentive to
be inaccurate; though a lower mark may ‘encourage’ a pupil to revise more for the real exam, a lower mark would be
detrimental if for any reason the mock needs to be used in place of the actual exam. In this way the grade from mock
examinations should be very close to those from a real exam. It would also be reasonable to assume that any pupils who
experience test anxiety are likely to be affected similarly in the mocks as in the real exams, further increasing the level of
comparability between the information that teachers were using to make grade predictions and pupils’ likely performance.
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least two members of staff – one of which was the lead teacher of the subject within the school – and

head teachers (principals) were required to submit a declaration that the grades had been generated

according to the guidance. Teachers were also instructed to not discuss the grades with pupils or their

families and in many cases did not continue to interact with these pupils after schools were closed and

examinations cancelled, instead prioritising online learning provision for other groups (Eivers et al.,

2020). We therefore assume that the 2020 grades are not influenced by differences in school closure

experiences between groups, or by manipulation to appease families.

1.3 Data and sample

We use the National Pupil Database (NPD) which contains administrative data on the universe of

pupils in England who attend state-funded schools. It includes demographic information about pupils,

measures of their attainment at age seven, 11, 16, and 18, and information about schools and local

authorities. As all state-funded schools and examination boards in England are required to return these

data by law, the NPD is both accurate and highly complete. We use the cohorts of pupils in the NPD

who took exams to mark the end of compulsory full-time schooling in the academic years ending in

2017, 2018, 2019 and 2020. As the change to teacher predicted grades occurred for the end of year

examinations in 2020 only, we remove any grades from examinations to which pupils were entered a

year early. This inevitably includes a small proportion for whom this was the only recorded grade in a

given subject (about 2.5% of pupils per cohort). The resultant sample comprises 2,252,123 pupils,

or about 560,000 observations for each of the four cohorts. We drop the exam results of pupils in

fee-paying schools and non-mainstream schools which together comprise 6.78% of the data.7 We then

remove pupils with missing data for any of the pupil or school characteristics we consider (12.7%) or

with no recorded grade for GCSE maths or either GCSE English Literature or GCSE English Language

(0.800%).8 This leaves a final sample size of 1,823,542 pupils in 3,380 schools across all four cohorts.

7Fee-paying schools are not required to submit Pupil Census data so we cannot observe pupil characteristics. The
non-mainstream state-funded schools that we exclude are those solely for pupils with special educational needs, in hospital,
who have been removed from mainstream education due to behavioural concerns, or who have been given custodial
sentences. Low proportions of these students are entered for GCSE examinations.

8The vast majority of missing pupil or school characteristics are prior attainment scores at age 11. Missing grades are
rare, and likely to occur because pupils are entered for different types of qualification (for example for those unlikely to
reach GCSE standard), or pupils being entered for the GCSE but not showing up on the day.
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Our outcomes of interest are GCSE (age 16) grades in English and maths. There is one maths GCSE

qualification in England. However, there are two GCSE English qualifications: English Language and

English Literature. The vast majority of pupils in England take both. If their grades differ, the higher

of the two is used in headline performance measures for schools and, by pupils, to meet performance

benchmarks (Department for Education, 2020b). We follow these national conventions and use the

higher of the two grades in our main analyses. Results for English Language and English Literature

separately, as well as for the mean of the two, are presented as a robustness check.9

The ethnic groups that we consider are Pakistani and Bangladeshi, Indian, Black African, and Black

Caribbean, which are the largest ethnic minority groups in England and Wales, and we compare them to

White British students (Office for National Statistics, 2022).10 The additional pupil-level characteristics

we consider in the decomposition analyses are gender, whether the pupil has been identified as having

a special educational need (SEN), whether the pupil speaks English as an additional language (EAL),

and pupils’ attainment at age 11 (KS2 subject-specific point scores), which we standardise by year and

subject.11 As proxies for pupils’ socio-economic status, we use eligibility for free school meals at

any point in the last six years (FSM6) and a rank based on the proportion of all children aged zero to

15 living in income deprived households in the pupils’ local area of residence (IDACI score). At the

school-level, we consider a number of characteristics including the type of school, whether the school

has selective admissions, and the school region. School quality is proxied by a measure of school

value-added from the end of primary school to examinations at age 16 in eight prescribed subjects

(called ‘Progress 8’).

We present descriptive statistics for our sample, separately for each year between 2017 and 2020,

in Appendix Table A.1, and separately for each ethnic group across years in Appendix Table A.2.

9In June 2020, 567,277 and 531,626 16-year-old pupils received English Language and English Literature grades
respectively, which is similar in proportion to 2019 for which the figures are 546,607 and 514,191 (Joint Council for
Qualifications, 2020). The overall increase in entries is due to the 2020 cohort being approximately 3% larger than that
of 2019 (Ofqual, 2020b). 5.4% of pupils were entered for English Literature a year early in 2019, which explains much
of the discrepancy between the subjects (Department for Education, 2020a). As our sample is restricted to the end of
year examinations in the year in which pupils turn 16, such ‘early entries’ are dropped. However these differences are
not likely to cause any differences in results between English Literature and English Language. First, we are primarily
interested in changes between 2019 and 2020, and patterns of entries appear consistent between these years (Joint Council
for Qualifications, 2020). Second, early entrants in English Literature are proportionate to the full sample with regards to
ethnicity.

10In our analyses we also include indicators for ‘Multiethnic’ and ‘Any Other Ethnic Group’ but do not report or interpret
results for these groups as each combines a very diverse group of pupils.

11For KS2 subject-specific point scores, we use the total marks in the KS2 maths tests for maths, and the marks in the
KS2 English reading test for English. All of these tests are blindly and externally marked.
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Appendix Table A.2 shows that the pupils in our sample who are members of our ethnic minority

groups of focus live, on average, in more deprived neighbourhoods than White British pupils, and are

more likely to speak English as an additional language. Compared to the other ethnic minority groups,

Indian pupils are also more likely to attend schools with selective admissions, and Black Caribbean

pupils both less likely to speak English as an additional language and more likely to be diagnosed with

a special educational need.

1.4 Ethnicity grade gaps

We begin by documenting raw ethnicity grade gaps at age 16 in England and how they change over

time. Figure 1.2 shows raw grade gaps for the four ethnic minority groups in 2017, 2018, 2019 and

2020. For each year, the bar shows the difference in the average grade that pupils received in relation

to the reference group, White British pupils, in that year. Pakistani and Bangladeshi, Indian, and Black

African pupils generally attain more highly than White British pupils in both English and maths, while

Black Caribbean pupils attain lower grades in both subjects. Of particular interest are the differences

in the 2020 gaps compared to the same differences in the preceding years. In maths, all ethnic minority

groups received higher grades relative to White British pupils than they did in the preceding years,

whereas in English all apart from Black Caribbean pupils received lower relative grades than in the

preceding years. These grade gaps by year and subject are also reported in Panel A of Table 1.1. We

will show in Section 6 that once we control for changes across cohorts in the levels of, and returns to,

observable characteristics, grade gap changes in English for the Black Caribbean group become more

aligned with those of other ethnic minority groups.

The first row of Panel B in Table 1.1 reports the difference between the grade gap of each ethnic

minority group and White British pupils in 2020 and in 2019 (i.e. the difference between the fourth

and third row of Panel A of Table 1.1), alongside standard errors on the difference. We call these

double differences the ‘ethnicity grade gap changes’. For every subject and ethnic minority group,

these changes measure how the grade gap between the ethnic minority group and White British pupils

in 2020 (when grades are assigned by teachers) compares to that same gap in 2019, when grades

are assigned through examinations marked by external examiners. A positive change indicates that,



16

Figure 1.2 Grade gaps by ethnic group, year and subject
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Notes: National Pupil Database, 2017 - 2020. Sample comprises age 16 pupils in mainstream schools in
England with no missing data. Exam grades are the May and June (end of year) examinations only. The
English grade is the highest of English Literature and English Language if pupils received grades for both.

compared to White British pupils, an ethnic minority group receives relatively higher grades when

grades as assigned by teachers than through examinations marked by external examiners; a negative

change indicates that, compared to White British pupils, an ethnic minority group is given relatively

lower grades when grades are assigned by teachers than through examinations marked by external

examiners.

For maths, the raw ethnicity grade gap changes are positive for all ethnic minority groups. For

Pakistani and Bangladeshi, Indian, and Black African pupils, who all achieve more highly relative

to White British pupils in 2019, the relative grade gap changes for maths between 2019 and 2020

are 10.1%, 9.1%, and 11.5% of a grade respectively. For Black Caribbean pupils, who achieve lower

than White British pupils in prior years, the relative grade gap change in 2020 is 20.1%. In other

words, ethnic minority pupils received relatively higher maths grades than White British pupils in

2020 when the grades were assigned by teachers. The raw ethnicity grade gap changes for English

are less consistent. For Pakistani and Bangladeshi and Black African pupils they are negative, at -6%
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and -10.3% of a grade respectively, and significant at the one percent level. Pakistani and Bangladeshi

and Black African pupils therefore received relatively lower grades than White British pupils in 2020

compared to 2019 in English. The point estimate for Indian pupils is negative (-4.1%) though not

statistically significant. For Black Caribbean pupils it is positive (8.2%).

Table 1.1 Grade gaps by ethnic group, year and subject
Maths English

P&B I BA BC P&B I BA BC
Panel A: Raw ethnicity grade gaps
Group - White British:

2017 -0.037 1.145*** 0.153*** -0.703*** 0.185*** 0.978*** 0.412*** -0.247***
(0.035) (0.054) (0.032) (0.038) (0.033) (0.041) (0.032) (0.037)

2018 -0.044 1.114*** 0.110*** -0.870*** 0.164*** 0.956*** 0.393*** -0.371***
(0.036) (0.052) (0.032) (0.039) (0.034) (0.044) (0.032) (0.037)

2019 0.036 1.222*** 0.089*** -0.895*** 0.210*** 0.988*** 0.363*** -0.432***
(0.037) (0.052) (0.032) (0.035) (0.035) (0.044) (0.031) (0.036)

2020 0.137*** 1.314*** 0.204*** -0.694*** 0.149*** 0.947*** 0.260*** -0.350***
(0.034) (0.048) (0.028) (0.031) (0.032) (0.039) (0.027) (0.030)

N 1,823,542 1,823,542
Panel B: Ethnicity grade gap changes
Double difference:

2020 - 2019 change 0.101*** 0.091*** 0.115*** 0.201*** -0.060*** -0.041 -0.103*** 0.082**
(0.023) (0.028) (0.024) (0.035) (0.020) (0.028) (0.023) (0.036)

N 934,590 934,590
Panel C: Predicted ethnicity grade gaps

Predicted 2020 0.059 1.239 0.053 -1.015 0.212 0.984 0.340 -0.534

Actual - predicted 2020 0.078** 0.075 0.151*** 0.320*** -0.062** -0.037 -0.080*** 0.184***
(0.034) (0.048) (0.028) (0.031) (0.032) (0.039) (0.027) (0.030)

N 1,823,542 1,823,542

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black Caribbean.
Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of year) examinations
only. The English grade is the highest of English Literature and English Language if pupils received grades for both. The reference group is White
British. Standard errors in parentheses, clustered at the school-level. * Significant at 10%; ** significant at 5%; *** significant at 1%.

The pattern of higher relative grades in maths and lower relative grades in English is consistent with

the findings of the extant research into ethnic differences in teacher assessment and examination grades

in England for younger pupils; ethnic minority pupils tend to receive lower teacher assessed grades than

examination grades in English and either similar or higher teacher assessed grades than examination

grades than in maths (Burgess and Greaves, 2013; Campbell, 2015; Gibbons and Chevalier, 2008).

The size of the estimated grade change is not negligible. Using the standard deviations for 2020

(see Appendix Table A.5), a 10% grade change in either subject is equivalent to an effect size of

approximately 0.05, which is the same as the average effect size of school-based interventions aimed

at improving academic achievement in developed countries (Fryer Jr, 2017).
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1.5 The role of time trends

We want to ensure that the gap changes presented in Panel B of Table 1.1 are driven by the switch to

teacher assigned grades, rather than the results of pre-existing trends. Therefore, we explore the extent

to which the ethnicity grade gap changes in 2020 differed from trends in the grades received by ethnic

minority pupils relative to White British pupils over time. We first regress each subject grade on an

indicator for ethnicity, year, and their interaction, excluding the year 2020. This estimates separate

trends in grades by subject and ethnic group for the years in which grades were assigned only through

blindly-marked examinations.12 We then use the coefficients estimated from this model to predict

grades (and thereby grade gaps) in 2020. Finally, we test whether or not these predicted 2020 grade

gaps are different from those observed in 2020 (fourth row of Panel A, Table 1.1).

We present the results in Panel C of Table 1.1, separately for maths and English. The first row of the

panel shows the 2020 grade gap predicted based on a time trend, and the second shows the differences

between the actual 2020 grade gap and the predicted grade gap. These differences are the raw ethnicity

grade gaps in 2020 net of a time trend. Comparing the differences to the observed ethnicity grade

gap changes in the first row of Panel B of Table 1.1 suggests no clear pattern. Accounting for a time

trend in some cases exacerbates the gaps for some ethnic minority pupils, compared to White British

pupils, and in other cases the gap remains unchanged or is attenuated. In the latter cases (Pakistani

and Bangladeshi pupils in maths and Black African pupils in English) the trends predict only about

20% of the actual grade gap changes that we observe, indicating that time trends do not explain the

ethnicity grade gap changes we observe.

However, grade gaps in 2020 could differ because returns to characteristics other than ethnicity are

different in 2020 compared to earlier years, due to the change to teacher assessment. For example, a

pupil characteristic such as eligibility for free school meals may have greater returns for attainment in

one subject in 2020 compared to 2019. If this characteristic is more greatly represented in a specific

12We make Yi, that is a pupil’s grade, depend on a set of observed characteristics as follows:

Yi = α0 +α1X1i +α2yeari +α3[yeari ×X1i]+ηi

where X1i contains dummy variables indicating whether the pupil is in any of the ethnic minority groups and year is a
continuous variable. We then use this model to estimate the predicted grades for all ethnic groups in the year 2020. As the
grades in 2020 are based on a naive prediction, there is no variance in these predictions by group and year and we do not
report a standard error.
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ethnic group, then this group will see a greater relative grade increase in 2020 due to factors other than

ethnicity. Understanding the role of these factors is the focus of the next section.

1.6 The role of differences between cohorts

In this section we assess whether changes in pupil characteristics and their returns across years explain

the grade gap changes we documented, and, if so, which characteristics mostly contribute to the

results. To do so, we decompose the changes in performance gaps between 2019 and 2020 into an

‘explained part’, namely the part explained by changes in returns to observed characteristics or changes

in their prevalence by group, and an ‘unexplained’ part. We use an extension of the standard Gelbach

decomposition (Gelbach, 2016) that allows returns to characteristics to differ by year and, unlike the

Oaxaca-Blinder decomposition (Blinder, 1973; Oaxaca, 1973), yields results that are order-invariant,

that is, they do not depend on the order in which observed characteristics are added to the model. We

allow both the levels of, and the returns to, observed characteristics other than ethnic group to differ

across the years. We do not allow the returns to observed characteristics to differ by ethnic group

as we want the ‘explained’ gap change to capture the part of the grade gap changes which can be

accounted for by factors other than ethnicity and ethnicity-based stereotyping. The effects of ethnicity

and stereotyping, including changes in the returns to observed characteristics that differ by ethnic

group as well as other teacher stereotyping effects acting through variables that are not observed in

our model, are then contained in the ‘unexplained’ part.

1.6.1 Decomposition methodology

We start by formalising the raw ethnicity grade gap changes as:

Yi = βraw
0 +βraw

1 X1i +βraw
2 2020i +βraw

3 [2020i ×X1i]+µi (1.1)

where Yi indicates pupil i’s grades, X1i is a vector of indicators of whether pupil i is in any of the

ethnic minority groups, 2020i is an indicator for whether i is in the 2020 cohort, [2020i ×X1i] contains

the interactions between the 2020i indicator and the variables in X1i, and µi is an error. Here βraw
0 is



20

the mean grade achieved by White British pupils in 2019, βraw
1 is the vector of gaps in the mean grade

of each ethnic minority group compared to White British pupils in 2019, βraw
2 is the partial effect of

the year 2020 on the mean grade for White British pupils, and βraw
3 is a vector of the raw ethnicity

grade gap changes in 2020 compared to 2019 (the same gap changes we show in Panel B of Table 1).

To derive the unexplained ethnicity grade gap changes we can estimate the following equation:

Yi = β0 +β1X1i +β22020i +β3[2020i ×X1i]+β4X2i +β5[2020i ×X2i]+ εi (1.2)

where Yi, X1i, 2020i are as defined above, and X2i contains observable individual and school

characteristics of pupil i including gender, family and neighbourhood deprivation (SES), whether the

pupil has a special educational need, whether the pupil speaks English as their first language, the

pupils’ subject-specific prior attainment at age 11, a number of school characteristics, and a measure

of school quality, [2020i × X2i] is the interaction between X2i and the 2020i indicator, and εi is an

error term. β3 is the vector of the unexplained ethnicity grade gap changes, that is what is left of the

raw ethnicity grade gap changes after controlling for the observable characteristics in X2i and their

interactions with 2020i, β4 is the vector of returns to X2i on Yi in 2019, and β5 is the vector of the

changes in the returns to X2i on Yi in 2020 compared to 2019.

The difference between the raw and the conditional (unexplained) ethnicity grade gap changes

(βraw
3 −β3) are the explained grade gap changes, which are contained in the vector δ. The explained

grade gap changes combine the effects of changes in the distribution of observed characteristics across

ethnic groups in 2020 compared to 2019, and the effects of changes in the returns to these characteristics

in 2020 compared to 2019. We can examine these combined effects and how they differ for different

pupil characteristics contained in X2 by implementing an extension of the standard decomposition

proposed by Gelbach (2016) in which we allow the returns to the observed characteristics to differ by

year.13 To do this, for each characteristic k in X2, we estimate the differences in the levels (means)

of that characteristic for each ethnic group compared to White British pupils in 2019 (Γ̂k
2019,eth) and

13See in particular Gelbach (2016) Sections IV and V.B.
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the changes in those differences in levels in 2020 (Γ̂k
2020,eth) using a set of auxiliary regressions.14

We then use Γ̂k
2019,eth and Γ̂k

2020,eth as well as coefficients from equation (1.2) to derive the vector of

explained gap changes, δ̂, as follows:15

δ̂ = β̂raw
3 − β̂3 =

K∑
k=1

[Γ̂k
2020,ethβ̂k

4 + Γ̂k
2019,ethβ̂k

5 + Γ̂k
2020,ethβ̂k

5 ] (1.3)

where δ̂ is the explained part of β̂raw
3 made up of the sum of Γ̂k

2020,ethβ̂k
4 (the changes in the

differences in the levels of k in 2020 multiplied by the returns to k in 2019), Γ̂k
2019,ethβ̂k

5 (the

differences in the levels of k in 2019 multiplied by the changes in the returns to k in 2020), and

Γ̂k
2020,ethβ̂k

5 (the changes in the differences in the levels of k in 2020 multiplied by the changes in the

returns to k in 2020).

δ̂ can then be split into components by ethnic group and pupil characteristic. Consider for example

the contributions of the gender (‘male’) and socio-economic status (‘SES’) characteristics to the

change in the grade gap between Pakistani and Bangladeshi (‘PB’) and White British pupils in 2020

compared to 2019. They can be written as follows:

Male component: δ̂male
P B = Γ̂male

2020,P Bβ̂male
4 + Γ̂male

2019,P Bβ̂male
5 + Γ̂male

2020,P Bβ̂male
5

SES component: δ̂SES
P B = Γ̂SES

2020,P Bβ̂SES
4 + Γ̂SES

2019,P Bβ̂SES
5 + Γ̂SES

2020,P Bβ̂SES
5

Here the male (SES) component shows how changes between 2019 and 2020 in the proportion of

Pakistani and Bangladeshi compared to White British males (low SES pupils) and in the returns to

being male (a low SES student) contribute to the observed changes in the ethnicity grade gaps in 2020

compared to 2019 in the absence of ethnicity-based stereotyping, that is when changes in the returns

to the characteristics do not differ by ethnic group.

14Γ̂k
2019,eth and Γ̂k

2020,eth can be estimated using a set of auxiliary models with each of the k characteristics in X2
acting as the dependent variable such that

Xk
2i = Γk

2019 +Γk
2019,ethX1i +Γk

20202020i +Γk
2020,eth[2020i ×X1i]+wk

i

where k represents one of the characteristics in X2, and wk
i is a residual.

15We implement the decomposition using the ‘b1x2’ Stata command based on Gelbach (2016).
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1.6.2 Decomposition results

Table 1.2 reports the results for the decomposition of the changes in the grade gaps between each

ethnic minority group and White British pupils in 2020 compared to 2019. The first row shows the

raw ethnicity grade gap changes and is identical to that reported in the second panel of Table 1.1.

The second row shows estimates for δ̂, that is the part of the ethnicity grade gap changes which are

explained by differences in the levels of, and returns to, observed characteristics between the years. In

other words, it shows the ethnicity grade gap changes that we would have expected in 2020, given

observed changes in the characteristics and their returns between years (and assuming no changes in

the differences in returns to these characteristics by ethnic group). Below this, Table 1.2 shows the

separate contributions of different characteristics or groups of characteristics to this overall explained

component.16 Finally, the bottom row shows contributions to the ethnicity grade gap changes which

remain unexplained. These include changes in the returns to observed characteristics that differ by

ethnic group as well as any factors unobserved in our model, including teacher stereotyping effects

acting through variables that are not observed. The estimated returns can be found in Appendix Table

A.4.

The decomposition results for maths are reported in the four columns on the left of Table 1.2.

Changes in the levels of and returns to pupils’ socio-economic status and diagnoses of special

educational needs across groups and years contribute to explaining the ethnicity grade gap changes for

most ethnic minority groups, but to a relatively small extent.17 Note that the estimated contributions

of subject-specific previous attainment at age 11 do not reach statistical significance (see seventh row

of Table 1.2). In fact, in the case of Indian and Black African pupils, the point estimates of these

contributions are negative, in contrast with the positive raw gap changes these contributions should

help explain.

Taken together, for Pakistani and Bangladeshi pupils, changes in the observed characteristics and

their returns explain 6.5% of a grade (see second row of Table 1.2), that is around two thirds of the

10% raw maths grade gap change, with only 3.6% of a grade left unexplained (see bottom panel of

Table 1.2). For Black Caribbean pupils, the observed characteristics and their returns explain 5.6% of

16Each of the individual characteristic contributions separately can be found in Appendix Table A.3.
17Changes in school characteristics and being male contribute positively to the ethnicity grade gap changes for Black

Caribbean pupils, and in school value-added for Pakistani and Bangladeshi pupils.
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Table 1.2 Gelbach decomposition of the change in grade gaps by ethnic group
Maths English

P&B I BA BC P&B I BA BC
Raw gap change 0.101*** 0.091*** 0.115*** 0.201*** -0.060*** -0.041 -0.103*** 0.082**

(0.023) (0.028) (0.024) (0.035) (0.020) (0.028) (0.023) (0.036)
Explained gap change 0.065*** -0.009 0.018 0.056* 0.080*** 0.036* 0.075*** 0.104***

(0.022) (0.024) (0.021) (0.030) (0.019) (0.022) (0.020) (0.025)
Amount explained by:
Male 0.001 0.000 0.002 0.003* 0.003 0.004 -0.004 0.005

(0.002) (0.002) (0.002) (0.002) (0.003) (0.004) (0.004) (0.005)
Socio-economic status 0.006 0.012*** 0.015*** 0.006 0.015*** 0.011*** 0.031*** 0.020***

(0.004) (0.003) (0.005) (0.006) (0.004) (0.003) (0.006) (0.006)
Special educational needs 0.004*** 0.007*** 0.004*** -0.003 0.005*** 0.007*** 0.006*** 0.000

(0.001) (0.001) (0.001) (0.002) (0.002) (0.002) (0.002) (0.004)
First language not English 0.011 0.008 0.005 0.000 0.011 0.009 0.006 0.000

(0.009) (0.008) (0.007) (0.001) (0.010) (0.008) (0.007) (0.001)
Prior attainment (age 11) 0.024 -0.026 -0.015 0.027 0.002 0.036*** 0.030*** 0.047***

(0.016) (0.019) (0.016) (0.026) (0.010) (0.014) (0.012) (0.016)
School characteristics 0.004 -0.008 0.014 0.018* 0.031*** -0.023*** 0.018 0.029**

(0.008) (0.007) (0.010) (0.011) (0.009) (0.008) (0.011) (0.012)
School value-added (lagged) 0.015* -0.003 -0.008 0.004 0.012 -0.008 -0.011 0.003

(0.009) (0.009) (0.008) (0.010) (0.009) (0.010) (0.008) (0.010)
Unexplained gap change 0.036* 0.100*** 0.096*** 0.145*** -0.140*** -0.077*** -0.179*** -0.022

(0.019) (0.020) (0.019) (0.026) (0.020) (0.025) (0.021) (0.030)
N 934,590 934,590

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black Caribbean.
Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of year) examinations
only. The English grade is the highest of English Literature and English Language if pupils received grades for both. The gap is the gap in average grades
between the ethnic minority group and White British pupils. Socio-economic status includes free school meals indicator and rank based on the proportion
of all children aged 0 to 15 living in income deprived households in the pupil’s local area of residence (IDACI score). Prior attainment (age 11) includes
subject-specific age 11 attainment score, standardised by year. School characteristics are indicators for selectivity, urban, region (9 categories), and school
governance type (4 categories), and continuous measures of cohort size, proportion of pupils eligible for free school meals, and average neighbourhood
deprivation (IDACI) score of the school. School value-added refers to how many average grades higher or lower the pupils in that school achieve across
eight qualifying GCSE subjects compared to pupils across the country who score comparatively at age 11. Standard errors in parentheses, clustered at the
school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.

a grade, that is less than a third of the over 20% of a grade raw maths grade gap change, leaving 14.5%

of a grade unexplained. For Indian and Black African pupils, changes in the observed characteristics

and their returns explain very little of the raw maths grade gap change, as shown by the small and

statistically insignificant estimates of the explained gap changes (second row of Table 1.2). As a

consequence, a considerable proportion of the raw grade gap changes are left unexplained, as we can

see by comparing the top and the bottom panel of the second and third columns of Table 1.2.

The decomposition results for English are reported in the four columns on the right of Table 1.2.

Pupils’ socio-economic status, diagnoses of special educational needs, and school characteristics all

contribute to explaining the ethnicity grade gap changes. However, for most ethnic groups, pupil prior

attainment (row 7) appears to be the most important explanatory factor. This is particularly relevant

in the case of Black Caribbean pupils, where changes in prior attainment and their returns explain

more than half of the observed grade gap change.18 The second row of Table 1.2 shows the explained

18The main characteristic that is different for the 2020 Black Caribbean cohort is a large increase in English prior
attainment, both compared to the other cohorts and to other ethnic minority groups. We can see from Appendix Table
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components of the grade gap, summarising the contribution of all the observed characteristics. These

components are positive, larger than those estimated for maths and statistically significant for all ethnic

groups. These results indicate that, given the changes in the groups’ characteristics and the returns

to those characteristics in 2020 compared to 2019, especially in prior attainment, and in absence of

differential changes in returns by ethnic group, we would have expected all ethnic minority pupils

to have achieved more highly in 2020 than in 2019 relative to White British pupils. We would have

expected Pakistani and Bangladeshi pupils to have achieved relatively more highly by 8% of a grade,

Indian pupils by 3.6% of a grade, Black African pupils by 7.5% of a grade, and Black Caribbean pupils

by 10.4% of a grade. It is therefore noteworthy that instead we see negative raw grade gap changes for

most groups, showing that the opposite was in fact the case – they achieved relatively lower.

The bottom panel of Table 1.2 reports the unexplained gap changes, which are the differences

between the ethnicity grade gap changes in English predicted by changes in the observed characteristics

and their returns and the raw ethnicity grade gap changes. These unexplained components of the

English grade gap changes are negative for all ethnic groups. For Pakistani and Bangladeshi, Indian

and Black African pupils, the unexplained components of the English grade gap changes are highly

statistically significant, and around double in magnitude than the raw grade gap changes (compare

the top and the bottom panel of Table 1.2). This suggests that in 2020, when grades were assigned by

teachers, these ethnic minority groups received lower grades in English than White British pupils when

compared to the previous year despite the 2020 cohort having characteristics (previous attainment in

particular) that, in absence of differential changes in returns by ethnic group or unobserved factors,

would have predicted an improvement in their relative performance. Unlike for these groups, the raw

2020 grade gap change in English for Black Caribbean pupils was positive (see the last column of

the top row of Table 1.2). However our decomposition shows that this is entirely driven by changes

in observed characteristics and their returns. Once we control for these, the point estimate of the

unexplained gap change in English for the Black Caribbean group becomes negative – although not

statistically significant – and thus aligns more with the other groups (see bottom panel of Table 3).

In summary, Table 1.2 shows that changes in observed characteristics and their returns explain part

of why ethnic minority pupils received relatively higher grades in maths in 2020, though a substantial

A.4 that in English prior attainment is more highly rewarded in 2020 than in 2019, and this has a large effect on Black
Caribbean students in 2020.
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proportion of the raw grade gap changes remain unexplained. Changes in observed characteristics and

their returns fully explain why Black Caribbean pupils received relatively higher grades in English.

However, they do not explain why Pakistani and Bangladeshi, Indian and Black African pupils received

relatively lower grades in English. In fact, our results suggest that had those changes not occurred,

the relative drop in the English performance that followed the switch to teachers’ assessment would

have been roughly double in magnitude for these ethnic minority groups. Note that the direction of the

effects of the explained contributions are roughly consistent across both maths and English, so we

would not expect any factors that we are not able to observe to be causing the contrasting direction of

the unexplained grade gap changes. We conclude that there is evidence suggesting that unexplained

factors, differing by subject and likely including teacher stereotyping, had a role in determining the

2020 GCSE results.

1.7 The role of ceiling effects

Another way that the shift to teacher assessments might have indirectly affected the relative perfor-

mance gaps across ethnic groups is through ceiling effects. Ceiling effects, a type of scale attenuation

effect, are observed when there is an upper limit to the dependent variable. In our case this is the

GCSE upper limit of a grade 9. Ceiling effects may in principle be relevant in our case as, as shown in

Table 1.3, the grade averages for both maths and English in 2020 were considerably higher than in the

preceding years. Higher grades in 2020 therefore resulted in a smaller spread of grades overall (as

evidenced by slightly smaller standard deviations), likely to be driven by pupils at the top end of the

grade distribution having less growth potential than those lower down. Such ceiling effects may affect

changes in grade gaps between ethnic groups which are positioned differently, on average, within

the overall distribution of grades. Most of our ethnic minority groups of focus generally attain more

highly than their White British peers in both subjects (see Table 1.1). As the relative grades of ethnic

minority pupils improve in maths in 2020, it seems unlikely that ceiling effects drive the observed

ethnicity grade gap changes in maths. However the grades for English are on average higher than

those for maths. It is therefore possible that ceiling effects are driving some of our results for English

in a way which they are not for maths, despite most of the ethnic minority groups achieving more
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highly than White British pupils, in ‘normal’ years, in both subjects. Mean grades broken down by

subject, group, and year, can be found in Appendix Table A.5.

Table 1.3 Mean grades by subject and year
Maths English

2017 4.71 5.23
(2.03) (1.90)

2018 4.75 5.22
(2.03) (1.90)

2019 4.77 5.22
(2.03) (1.90)

2020 5.06 5.40
(1.99) (1.82)

N 1,823,542 1,823,542

Notes: National Pupil Database, 2017 - 2020. Sample comprises age 16 pupils in mainstream schools in England with no missing data.
Exam grades are the May and June (end of year) examinations only. The English grade is the highest of English Literature and English
Language if pupils received grades for both. Standard deviations in parentheses.

Following Murphy and Wyness (2020), we check the contribution of ceiling effects to the observed

ethnicity grade gap changes by partitioning the sample into three equally-sized groups according

to pupils’ prior attainment at age 11 in the same subject. We then repeat the decomposition of the

ethnicity grade gap changes for each of these three groups. The results are shown in Table 1.4. If

ceiling effects were driving our results, we would expect to see only the highest attaining ethnic

minority pupils receiving lower relative grades in 2020, and potentially more so in English than in

maths. Contrary to this, Table 1.4 shows the raw, explained, and unexplained components of the grade

gap changes for each of the three attainment groups, and reveals that the patterns presented above

remain across them. This shows that there remain unexplained factors, such as stereotyping effects,

which are contributing to the observed ethnicity grade gap changes throughout the distributions of

grades, and suggests ceiling effects are not driving our results.

1.8 Robustness checks

We check that the decomposition results are robust to multiple alternative specifications. For simplicity,

Table 1.5 shows just the raw, explained, and unexplained components from the decomposition results

from each of these sensitivity analyses. In Panel A, we account for possible nonlinearities in the

association between pupil and school characteristics with outcomes. The results are consistent with

those presented above. In Panel B, we expand our decomposition reference group from the year 2019
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Table 1.4 Gelbach decomposition by ethnic and prior attainment groups
Maths English

P&B I BA BC P&B I BA BC
Low prior attaining
Raw gap change 0.088*** 0.123*** 0.177*** 0.229*** -0.036 -0.051 -0.115*** 0.101**

(0.026) (0.040) (0.028) (0.037) (0.024) (0.038) (0.030) (0.041)
Explained gap change 0.065*** 0.003 0.081*** 0.078*** 0.073*** -0.001 0.057** 0.055**

(0.022) (0.026) (0.022) (0.025) (0.021) (0.024) (0.023) (0.025)
Unexplained gap change 0.023 0.119*** 0.097*** 0.151*** -0.109*** -0.050 -0.171*** 0.046

(0.026) (0.036) (0.027) (0.032) (0.028) (0.038) (0.029) (0.039)
N 312,268 319,447

Medium prior attaining
Raw gap change 0.145*** 0.181*** 0.185*** 0.129*** -0.041 -0.091** -0.097*** 0.041

(0.025) (0.036) (0.030) (0.046) (0.026) (0.035) (0.033) (0.049)
Explained gap change 0.062*** 0.040* 0.037* 0.015 0.093*** -0.010 0.061*** 0.091***

(0.021) (0.022) (0.020) (0.024) (0.023) (0.024) (0.023) (0.027)
Unexplained gap change 0.083*** 0.141*** 0.148*** 0.115*** -0.134*** -0.081** -0.158*** -0.050

(0.028) (0.036) (0.030) (0.044) (0.030) (0.038) (0.033) (0.046)
N 313,868 318,017

High prior attaining
Raw gap change 0.059** 0.075*** 0.049 0.124** -0.079*** -0.087*** -0.127*** 0.046

(0.027) (0.028) (0.033) (0.063) (0.029) (0.034) (0.037) (0.070)
Explained gap change 0.011 -0.019 -0.012 -0.078** 0.085*** -0.014 0.047* 0.076**

(0.022) (0.021) (0.023) (0.034) (0.024) (0.025) (0.025) (0.034)
Unexplained gap change 0.048* 0.094*** 0.061* 0.203*** -0.164*** -0.073** -0.173*** -0.031

(0.028) (0.027) (0.032) (0.056) (0.032) (0.033) (0.037) (0.063)
N 308,454 297,126

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black Caribbean.
Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of year) examinations
only. The English grade is the highest of English Literature and English Language if pupils received grades for both. The gap is the gap in average
grades between the ethnic minority group and White British pupils. Explanatory characteristics are the same as those in Table 1.2. Standard errors in
parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.

alone to a combined 2018 and 2019 group.19 The results are also in line with those in Table 1.2. In

fact, when 2018 is included in the reference group, the estimated negative unexplained contributions

to the English grade gap changes become even larger. Moreover, a negative unexplained contribution,

statistically significant at the five percent level, is also estimated for Black Caribbean pupils in English.

In Panel C we explore how our results change when we use a dichotomous pass or fail outcome (a

pass being a grade 4 and above), rather than a continuous grade, to take into account that grades are

ordinal measures of attainment. The grade gap changes and unexplained contributions are smaller

when we use this binary outcome, but interestingly the positive and negative unexplained components

for maths and English remain. An exception is the ethnicity grade gap for Indian pupils, which

becomes statistically indistinguishable from zero. This is most likely because Indian pupils are a

particularly high-attaining group and few are observed at this threshold. Finally, in Panel D we restrict

our sample to a balanced panel of schools across 2019 and 2020 to explore whether changes in the

inclusion of entire schools across years are driving our results. We find that the results are robust to

this further restriction.
19It is not possible to include 2017 in the reference group due to the need to include lagged school value-added measures

in the decompositions. This is not possible for 2017 given changes in national assessments implemented that year.
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Table 1.5 Alternative specifications
Maths English

P&B I BA BC P&B I BA BC
Panel A: Non-linear specification
Raw gap change 0.101*** 0.091*** 0.115*** 0.201*** -0.060*** -0.041 -0.103*** 0.082**

(0.023) (0.028) (0.024) (0.035) (0.020) (0.028) (0.023) (0.036)
Explained gap change 0.062*** -0.011 0.006 0.054* 0.082*** 0.055** 0.067*** 0.092***

(0.022) (0.025) (0.021) (0.030) (0.019) (0.022) (0.020) (0.024)
Unexplained gap change 0.039** 0.102*** 0.109*** 0.147*** -0.142*** -0.096*** -0.170*** -0.010

(0.019) (0.020) (0.019) (0.026) (0.020) (0.025) (0.021) (0.030)
N 934,590 934,590

Panel B: Combined 2018 and 2019 comparison year
Raw gap change 0.140*** 0.144*** 0.105*** 0.189*** -0.038** -0.025 -0.118*** 0.052

(0.022) (0.025) (0.021) (0.030) (0.019) (0.024) (0.021) (0.031)
Explained gap change 0.102*** 0.034 0.020 0.060** 0.103*** 0.068*** 0.084*** 0.111***

(0.020) (0.022) (0.019) (0.026) (0.018) (0.020) (0.018) (0.022)
Unexplained gap change 0.039** 0.110*** 0.084*** 0.128*** -0.140*** -0.093*** -0.202*** -0.059**

(0.017) (0.018) (0.017) (0.023) (0.018) (0.021) (0.018) (0.027)
N 1,373,869 1,373,869

Panel C: Binary outcome (grade 4 and above)
Raw gap change 0.021*** -0.007 0.029*** 0.061*** -0.010** -0.022*** -0.013*** 0.029***

(0.004) (0.004) (0.005) (0.009) (0.004) (0.004) (0.004) (0.008)
Explained gap change 0.013*** -0.013*** 0.008** 0.024*** 0.012*** -0.005 0.013*** 0.024***

(0.004) (0.004) (0.004) (0.005) (0.003) (0.003) (0.003) (0.004)
Unexplained gap change 0.008* 0.006 0.021*** 0.037*** -0.022*** -0.017*** -0.026*** 0.005

(0.004) (0.004) (0.005) (0.008) (0.004) (0.004) (0.004) (0.007)
N 934,590 934,590

Panel D: Balanced panel of schools
Raw gap change 0.089*** 0.092*** 0.107*** 0.194*** -0.075*** -0.037 -0.110*** 0.077**

(0.020) (0.028) (0.023) (0.035) (0.019) (0.027) (0.022) (0.036)
Explained gap change 0.048** -0.010 0.011 0.044 0.061*** 0.039* 0.068*** 0.091***

(0.020) (0.023) (0.021) (0.030) (0.018) (0.021) (0.019) (0.024)
Unexplained gap change 0.040*** 0.101*** 0.096*** 0.150*** -0.137*** -0.076*** -0.178*** -0.014

(0.019) (0.021) (0.019) (0.027) (0.020) (0.025) (0.021) (0.031)
N 891,899 891,899

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black Caribbean.
Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of year) examinations
only. The English grade is the highest of English Literature and English Language if pupils received grades for both. The reference group is White
British. Explanatory characteristics are the same as those in Table 1.2. Standard errors in parentheses, clustered at the school-level. * Significant at 10%;
** significant at 5%; *** significant at 1%.

We also examine the extent to which our results are sensitive to the choice of the English outcome

used. So far we have used the higher grade that pupils achieved in English Literature and English

Language, as this is the outcome used for performance benchmarks for both schools and pupils

(Department for Education, 2020b). Instead, Appendix Table A.6 reports separate results for English

Literature and English Language. As in Table 1.2, for both outcomes the point estimates for the

explained gap changes are positive and consistently significant (apart from for Indian pupils), indicating

that we would expect to see positive grade gap changes for all ethnic minority groups in both English

outcomes, given the changes in the groups’ characteristics and the returns to those characteristics in

2020 compared to 2019. The unexplained contributions are generally negative for both outcomes,

indicating that there remain unexplained factors, such as stereotyping effects, which are leading to the

observed ethnicity grade gap changes by reverting the positive impact of the observed characteristics.

As the raw gap changes are generally null in the case of English Language and negative in the case of
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English Literature, these unexplained negative components are considerably larger (about twice as

large) in the case of English Literature.

To explore why potential stereotyping effects might be greater for English Literature than English

Language, we analyse the correlations between English Literature and English Language grades across

the ethnic minority groups. We find the correlation coefficient for White British pupils (0.843) is

larger compared to the ethnic minority groups (0.825 for Pakistani and Bangladeshi pupils, 0.815

for Indian pupils, 0.809 for Black African pupils, and 0.816 for Black Caribbean pupils). As shown

in Appendix Table A.5, this difference appears to be the result of ethnic minority pupils tending to

achieve higher, relative to White British pupils, in English Literature than in English Language.20 We

therefore report, in Table 1.6, the raw, explained, and unexplained components of a decomposition

using the mean English grade as the outcome, rather than the higher of English Literature and English

Language. Though the estimates are smaller than those previously reported, the pattern of the results

is unchanged.

Table 1.6 Decomposition using mean English grade
P&B I BA BC

Raw gap change -0.051*** -0.018 -0.078*** 0.085**
(0.019) (0.028) (0.022) (0.034)

Explained gap change 0.079*** 0.054** 0.078*** 0.098***
(0.019) (0.021) (0.019) (0.024)

Unexplained gap change -0.130*** -0.073*** -0.156*** -0.013
(0.019) (0.023) (0.020) (0.028)

N 934,590

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black
Caribbean. Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and
June (end of year) examinations only. The English grade is the highest of English Literature and English Language if pupils received
grades for both. The reference group is White British. Explanatory characteristics are the same as those in Table 1.2. Standard errors
in parentheses, clustered at the school-level. * Significant at 10%; ** significant at 5%; *** significant at 1%.

1.9 Discussion and conclusion

An important question in education policy is whether pupils with different characteristics receive

systematically different grades in teacher assessments compared to blindly-marked examinations. We

20Establishing why there are differences in ethnic minority pupils’ relative grades for English Literature and English
Language is beyond the scope of this paper. However, English Language is a more skills-based exam, requiring pupils to
demonstrate proficiency in comprehension, analysis, and free writing. English Literature is more knowledge-based and
requires pupils to write essays about selected texts. Neither has a coursework element during our years of focus. It may be,
then, that the skills assessed in English Literature are different to those assessed in English Language in a way that matters
for ethnic minority pupils’ performance. For example the English Language syllabi may be more culturally biased than
those for English Literature (Ofqual, 2022).
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contribute new evidence about this question by exploiting a change in assessment methods to examine

teachers’ predictions of pupils’ examination performance. In doing so we use a different comparison

to that used in much existing research on teacher assessment, which relies on comparing “blind"

(examination) assessments to “non-blind" (teacher) assessments which are intended to consider pupils’

written, practical, and oral classwork over an entire academic year. Our approach provides a level of

comparability in outcome – in our case examination performance – which is arguably greater than in

some of these existing studies.

We find that, when grades are assigned by teachers rather than through externally marked exam-

inations, ethnic minority pupils tend to do relatively better than White British pupils in maths and

relatively worse than White British pupils in English. These ethnicity grade gap changes do not appear

to be driven by differences across groups and cohorts, time trends, ceiling effects, or by changes across

years in the observed characteristics of pupils and schools, or their returns. In fact, while for maths the

changes in the levels of and returns to observed characteristics do explain some – but not all – of the

observed ethnicity grade gap changes, in the case of English our results suggest that had those changes

not occurred, the relative drop in the English performance of ethnic minority pupils that followed the

switch to teachers’ assessment would have been even larger – roughly double – in magnitude.

There are other potential explanations for the ethnicity grade gap changes that we document. The

timing of the announcement to cancel examinations in 2020 allows us to rule out that changes in

teaching practices are driving our results, as this announcement came just two months before the

examinations were due to begin. Similarly, as teachers were asked to predict precisely how they

believed their students would perform had the examinations gone ahead, primarily based on mock

examinations completed prior to school closure, we do not believe that our findings are driven by

systematic differences in how pupils perform in class-based work and examinations, or by differences

in their experiences during school closure.

One limitation of our analysis is that we cannot fully check whether the 2019 and the 2020 cohorts

differ in unobserved characteristics. As most time-invariant unobservable characteristics should be

captured by the measures of past attainment (at age 11) that we use in our decomposition, any effect

of time-varying unobserved characteristics will be included in the unexplained part. However, in order

to explain the residual grade gap changes we observe, the effect of unobservables would have to be
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very large in maths, and very large and working in the opposite direction to the effect of observable

characteristics in English. Based on this, we argue that group- and subject-specific teacher stereotyping

contributes to at least some part of the ethnicity grade gap changes we document.

Unlike much of the literature on stereotyping, we find both positive and negative unexplained

components for a gap in outcomes for the same group within the same broad competency – academic

achievement. Our results suggest that teachers hold positive stereotypes about the performance of

ethnic minority pupils in maths in high-stakes examinations taken at age 16, and negative stereotypes

about the performance of ethnic minority pupils in English. These findings are in line with, and add

to, existing research about teachers’ assessments of pupils aged seven to 14 in England (Campbell,

2015; Gibbons and Chevalier, 2008). However they do not conform to common economic approaches

whereby stereotypes are held to be manifestations of statistical discrimination (Phelps, 1972) or

representativeness heuristics (Bordalo et al., 2016; Esponda et al., 2023), as most ethnic minority

groups tend to perform better than White British pupils in both subjects in ‘normal’ years. It may

be that teachers’ stereotypes are based on information about pupils at a younger age; for example at

school entry, when ethnic minority pupils tend to perform relatively worse in literacy and English

than in maths compared to White British pupils (Dustmann et al., 2010). Alternatively they may

be informed by the educational choices of older pupils; conditional on prior attainment and family

educational background, most ethnic minority pupils are more likely to choose to study STEM subjects

at A Level (ages 16 to 18) than White British pupils (Codiroli Mcmaster, 2017).

Our finding that teacher assigned grades are likely affected at least in part by stereotypes – both

positive and negative – is relevant to important policy considerations. Most countries use non-blind

assessments at some stages of children’s educational trajectories, and in England, teacher assessments

are still considered the primary contingency plan for any future examination disruption (Ofqual, 2023).

There is also an ongoing policy debate in England about whether teacher assigned grades should

replace high-stakes national examinations because they may be better for pupil well-being, curriculum

breadth, and assessing pupils according to competencies that examinations cannot measure (Council

of Skills Advisors, 2022). Our results suggest that the benefits of teacher assessments must be weighed

against the risk that favourable or unfavourable non-blind assessments reflecting stereotypes might

affect pupils’ opportunities, future performance, and education preferences (Burgess et al., 2022;
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De Benedetto and De Paola, 2023). If teachers’ assessments and expectations differ systematically

according to pupils’ characteristics then this could affect gaps in educational outcomes and returns

both during schooling and in higher education. With better knowledge of the mechanisms that lead

teachers to adopt stereotypes, interventions such as information campaigns could be devised to lessen

their effects and make teacher assessments more consistent.



2 The Medium-Term Effects of Extended
Play-Based Learning in Early Childhood

2.1 Introduction

There is a broad consensus that the early years of children’s development – from birth to around age

eight – are crucially important for children’s later life outcomes (Black et al., 2017). The environments

to which young children are exposed have been found to impact the developing architecture of the

brain, affecting children’s cognitive and noncognitive development (Noble et al., 2015). Returns to

investments in early childhood may therefore be higher than those in later childhood or adolescence,

as they set children up for more successful learning and development in later years (Cunha and

Heckman, 2007). At least in part in response to this consensus, governments around the world are

investing heavily in early childhood care and education (Engel et al., 2015): in the US, the Biden

administration published an Executive Order to increase access to high-quality childcare; in England,

the Department for Education announced a universal childcare offer which will cost billions; in

Finland, the government is trialling an intervention which would lower the starting age of mandatory

preschool from age six to age five (Harjunen et al., 2022). Crucial to the success of these policies is

that they target skills and capacities which are time-sensitive, meaning those that are important for

upcoming developmental transitions – for example, the transition to formal schooling – and which

would not develop eventually anyway, had an intervention not occurred (Duncan et al., 2023).
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Yet, despite a consensus about the importance of early childhood development, it is still not clear

what skills and capacities early childhood development policies should target, or how they are best

implemented. One reason for the lack of clarity is that the existing economics literature has tended

to evaluate early childhood interventions through the effects of additional time in childcare, with

what actually happens within settings remaining largely a black box. Many analyses in European

countries, for example, exploit variation in universal preschool access across space and time against

a counterfactual of parental or informal care (Blanden et al., 2016; Cornelissen et al., 2018; Havnes

and Mogstad, 2015), while analyses of different pedagogical approaches introduced into contexts

with pre-existing universal provision are rare and generally not yet old enough to measure long-run

effects (Rege et al., 2024). A second reason for the lack of clarity is that short-term effects of early

childhood development policies tend to fade out or differ from long-run effects, which by their nature

take considerable time to evaluate. A meta-analysis of targeted preschool programs in the US, for

example, found that cognitive effect sizes drop roughly in half in one to two years (Li et al., 2020),

while rigorous analyses have found positive noncognitive effects for the famous Perry Preschool

Project which persisted into adulthood (García et al., 2021; Heckman et al., 2013).

In this paper I evaluate the short- and medium-term effects of an extended play-based learning

policy for children between ages five and seven in Wales – the ‘Foundation Phase’ – against a

counterfactual of formal schooling. The Foundation Phase policy constituted a "radical change" in

the curricula and pedagogy of children aged five to seven in Wales (Taylor et al., 2015b). Previously,

children at these ages received their education in a formal setting with lessons in several academic

subjects. Instead, drawing inspiration from early years programmes in Scandinavia, New Zealand,

and Reggio Emilia in Italy, the Foundation Phase allowed children to experience a more interactive

school environment where they could learn through guided-play rather than direct instruction, with

curriculum focus given to personal and social development and wellbeing. The policy design was

informed by pedagogical theories suggesting that a prolonged exposure to play-based learning would

allow children to encounter formal schooling at a more developmentally-appropriate age and lead to

long-term cognitive and noncognitive gains (Hirsh-Pasek et al., 2009; Maynard et al., 2013). The

policy constituted three main components: a new curriculum, financial resources intended to support
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schools to create appropriately interactive learning environments, and a non-mandatory reduction in

class sizes.

The Foundation Phase was piloted through a staggered roll-out in 43 schools between 2004 and

2009, and then implemented nation-wide. My analysis therefore relies on a staggered difference-

in-differences research design comparing consecutive cohorts of pupils attending schools. Under a

parallel trends assumption, the variation generated by the fact that only some schools were included in

the Foundation Phase Pilot allows me to obtain causal estimates of the effects of the Foundation Phase

on pupils’ medium-term outcomes. In particular, I estimate the effects of Foundation Phase Pilot

provision on pupils’ academic attainment and school attendance at age 11, and academic attainment,

school exclusions and educational destinations at age 16. My empirical strategy allows me to rule out

various confounding factors: first, school-specific differences fixed in time (e.g., pupils at Pilot schools

may already have better or worse test scores); second, differences across time that affect all pupils in a

similar way (e.g., certain macroeconomic fluctuations or social trends); third, differences across time

that may affect Pilot school pupils differently (e.g., other educational policies which disproportionately

affect Pilot schools). I address recent econometric concerns with heterogeneous treatment effects

in settings with staggered treatment timing by using the imputation-based difference-in-differences

estimator proposed by Borusyak et al. (2024). Nonetheless there are limits to the external validity

of my results. As differences-in-differences methodologies estimate an ‘average treatment effect

on the treated’ (ATT) effect, these cannot be assumed to be similar to those that we would expect

of all schools. I do find, for example, that the characteristics of pupils attending Pilot schools are

systematically different at baseline compared to the averages of all other schools in Wales, which

might mean that the Pilot schools have higher (or lower) gains from implementing the Foundation

Phase policy.

I find no statistically significant effects of the Foundation Phase Pilot on pupils’ school-related

outcomes at ages 11 or 16. This is an interesting result as it suggests that, on average, pupils who

received two fewer years of direct instruction during early Primary education still achieved similarly to

their peers in later education, made similar decisions about their educational pathways, and exhibited

similar school-related behaviours. These findings are consistent with other studies evaluating the

long-term effects of play-based compared to more formal pedagogical approaches (Biroli et al., 2018).
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Following a number of short-term early childhood intervention studies (Duncan et al., 2023; Fidjeland

et al., 2023), I also examine different treatment effects by the gender and the socio-economic status

of the pupil. I find little evidence of statistically significant heterogeneous effects of the Foundation

Phase Pilot, though some indication of more positive results for girls and for more deprived pupils.

There are a number possible reasons for these results. First, initial gains or losses may have

already ‘faded out’ by the time that the pupils receiving Foundation Phase Pilot provision reached

11 and 16 years old. Relatedly, it also is possible that the Foundation Phase pupils made additional

gains in other skill domains which are harder to measure in administrative data. Indeed, though the

measures that I use are include those that the Welsh Government cited as some of the intended future

success criteria for the policy (National Assembly for Wales, 2003), the outcomes available to me in

the Welsh administrative datasets are likely poor proxies for the full range of outcomes that policy

designers and educational practitioners envisioned for pupils who received the Foundation Phase. I

am unable, for example, to directly measure children’s creativity or attitudes towards learning, their

socioemotional skills or wellbeing, or the extent to which they have or will become active citizens in

their communities. Measurable effects of the Foundation Phase Pilot may also have been diminished

by factors related to the policy’s implementation. For example, the Foundation Phase Pilot provision

may not have differed as much as intended from the counterfactual provision, which in this case was

business-as-usual formal schooling. Alternatively, effects of the change in curriculum and pedagogy

may have been obscured by the additional funding and reduction in class sizes, or by parents changing

their investments at home. Unfortunately, strong evidence supportive of any of these hypotheses is

beyond the scope of the data made available for the present research.

This paper is not the first to evaluate the Foundation Phase Pilot. Quantitative and qualitative

evaluations of the Foundation Phase Pilot’s contemporaneous and short-term effects were completed

for the Welsh government shortly after its implementation, and this work is summarised in Taylor

et al. (2015b). Using data from a cohort study the researchers find tentative evidence of negative

contemporaneous effects (at age seven) on both pupil attainment and wellbeing at the end of the

program (Taylor et al., 2015a). Using administrative data, they then find evidence to suggest an

improvement in test scores at age 11 (Davies et al., 2015). Taken together, these results lend tentative

support for the theoretical rationale of the Foundation Phase: that extended play-based learning may
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lead to lower outcomes in the short-term but improved outcomes in the long-term, when compared

to the business-as-usual, direct instruction approach. However, due to the relatively short amount of

time between implementation of the Pilot and these evaluations, both studies used relatively small

sample sizes and, for age 11 outcomes, only half of the Pilot schools as a treatment group, particularly

restricting the conclusions that can currently be drawn about the policy’s medium-term effects.1 I

build on these existing evaluations by using all Pilot schools to evaluate age 11 outcomes, and by

extending the evaluation to age 16.

As formal childcare provision continues to expand globally, this paper also contributes much-

needed causal evidence about the conditions under which early childhood education is effective. Much

of the existing economics literature examines the short- and long-term effects of either targeted or

universal pre-school programs against a counterfactual of informal care (Dietrichson et al., 2020;

Duncan et al., 2023).2 However these studies do little to aid decisions about what kind of provision

young children should receive when that provision is universal. Worldwide, existing approaches

to early childhood education usually tends towards either a social pedagogical tradition – which

holds that more time engaging in free- and guided-play develops children’s curiosity, motivation and

wellbeing – or a school readiness tradition, where formal schooling using direct instruction is believed

to help to boost and track children’s academic achievement and reduce inequalities. Because different

approaches are seldom implemented in comparable contexts, comparisons are rare. One exception is

Biroli et al. (2018), who compare the Reggio Emilia (social pedagogical) approach to other preschool

pedagogies in nearby cities in Italy and find very few significant effects across a large number of short-

and long-term measures spanning IQ, educational attainment and health. Another is Rege et al. (2024),

who find positive short-term effects on test scores when five-year-olds in Norway receive a structured

rather than an unstructured curriculum, but are not able, yet, to examine any medium- or long-run

effects. I therefore contribute one of the few studies which estimates the medium-term effects of one
1Specifically, Taylor et al. (2015a) have to rely primarily on a cohort study containing a sample of just 91 children in

their analyses of contemporaneous effects at age seven. In addition, due to the relatively early timing of the short-term
effects’ analyses at age 11, Davies et al. (2015) were only able to use about half of all Pilot schools for the test score
analyses, again a relatively small sample size.

2In general, this literature finds that interventions emphasising basic maths and literacy skills can have impressive
short-term effects which often fade out during elementary school due to control group catch up (Bailey et al., 2020; Li
et al., 2020), while persistent effects are consistently found for long-run outcomes such as adequate primary and secondary
school progression, years of schooling and earnings (Dietrichson et al., 2020; Gray-Lobe et al., 2023).
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pedagogical approach in early childhood compared to another, namely a guided-play approach for

children between ages five and seven against a counterfactual of formal schooling.

Finally, this paper also contributes to a literature on school starting ages. Most prior contributions

to this literature exploit birth date school entry rules to compare pupils who are similar in age but

enter formal schooling around one year apart. They generally find positive and persistent effects for

children who enter school at an older age than their classmates, for example for their cognitive skills

(Dhuey et al., 2019), non-cognitive skills (Lubotsky and Kaestner, 2016), earnings (Fredriksson and

Öckert, 2014), avoidance of crime (Landersø et al., 2017) and mental health (Broughton et al., 2023).

However the two likely mechanisms of these effects – relative age effects (i.e. pupils being older

rather than younger than their peers) and school readiness effects (i.e. formal schooling being more

developmentally appropriate for older children) – are difficult to disentangle.3 I contribute to this

literature by examining a context in which children of comparable ages receive play-based (rather than

formal) educational provision earlier or later than their peers, therein providing greater clarity as to the

likely mechanisms of positive school starting age effects. Specifically, my results imply that relative

age effects are a more compelling explanation than school readiness effects, as children who begin

formal schooling at a later age appear to experience no difference in medium-term outcomes.

The rest of this paper proceeds as follows. Section 2.2 provides an overview of education in Wales,

the Foundation Phase policy, and the Pilot implementation. Section 2.3 then discusses the data and

sample used. Section 2.4 covers the empirical strategy. Section 2.5 contains the baseline results, a

series of robustness and sensitivity checks, and an exploration of heterogeneous effects. Section 2.6

concludes.

2.2 Education in Wales and the Foundation Phase policy

2.2.1 The Welsh education system

In Wales, four-year-old children are offered free, full-time education in Reception (kindergarten)

classes. Compulsory full-time education then begins at age five. The compulsory schooling years

3One exception is Dee and Sievertsen (2017), who find that a one-year delay in kindergarten entry improves children’s
self-regulation considerably more than other noncognitive measures, arguing that children who experience extended
exposure to playful preschool environments may therefore have improved school readiness.
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are split into four Key Stages, with teacher assessments completed at the end of the first three Key

Stages and externally-marked examinations (GCSEs) at the end of the fourth.4 Children transition

from Primary to Secondary schooling at the end of the second Key Stage, at age 11, and are allowed to

leave school at the end of the fourth, at age 16. Academic and vocational options are available to those

who wish to continue in schooling from age 16 to 18, after which some may enter university.5

Prior to age four children may receive preschool provision of some kind. Since 2008, all three-

and four-year-olds have been offered a minimum of 10 hours per week of preschool provision (Glyn

et al., 2019). However, at the time of the Foundation Phase Pilot (2004 to 2009), the extent of this

free provision varied by geographical area (Hanney, 2000). The children considered in this evaluation,

therefore, could have had different levels of education between the ages of three and five, with some

children potentially receiving none. However the year before the Pilot began, 75% of three-year-olds

and 80.6% of three- and four-year-olds attended some form of educational setting, with the great

majority of four-year-olds attending Reception (kindergarten) classes at a school (Siraj-Blatchford

et al., 2005; Wilton and Davies, 2017).

Schooling across Wales is quite homogeneous. Structural constraints such as curricula, examina-

tions, teacher qualification requirements and teacher remuneration are all governed by national policy,

with implementation of these national policies directed by the 22 Local Authorities (administrative

districts). The vast majority of schools in Wales are state-funded; in 2004, when the Foundation Phase

Pilot began, only 1.36% of Primary school children attended privately-funded schools (StatsWales,

2023a). Unlike grammar schools in England, there are no state-funded schools in Wales which can

admit pupils based on academic ability. Schooling in Wales is also bilingual. At the time of the

Foundation Phase Pilot, about 30% of Primary schools in Wales used Welsh as the sole or main

medium of instruction (StatsWales, 2023b).
4Standard Assessment Tests (SATs) were phased out in Wales between 2000 and 2005.
5In Wales, the school leaving age is 16.
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2.2.2 The Foundation Phase

Policy design and counterfactual provision

Prior to the introduction of the Foundation Phase, children aged three to seven in Wales followed two

pre-existing curricula. For three- to five-year-olds (preschool and Reception), several areas of learning

developed children’s school readiness through a free-play approach (National Assembly for Wales,

2000a). Five- to seven-year-olds (Key Stage 1) then followed a National Curriculum including content

in eleven statutory curriculum subjects – for example English, maths, science, history, geography, and

art – delivered through direct instruction in a formal setting (National Assembly for Wales, 2000b). At

age seven children were assessed, both by teachers and through specified tasks or tests, in English,

Welsh if it is a child’s first language, maths, and science. These pre-existing curricula and assessments

continued to be used in settings which were not part of the Foundation Phase Pilot.

The Foundation Phase policy constituted a "radical change" from these pre-existing curricula and

assessments (Taylor et al., 2015b). Inspired by the early years programmes in Scandinavia, New

Zealand, and Reggio Emilia in Italy, the Foundation Phase introduced a play-based pedagogy for three-

to seven-year-olds which comprised seven Areas of Learning: Personal and Social Development,

Well-Being and Cultural Diversity; Language, Literacy and Communication Skills; Mathematical

Development; Welsh Language Development (in English-speaking schools); Knowledge and Under-

standing of the World; Physical Development; and Creative Development (National Assembly for

Wales, 2008). The intended academic outcomes of the Foundation Phase were similar to those of the

previous curricula, but the accompanying curriculum and assessment frameworks made it clear that

learning was to occur in a more play-based, developmentally-appropriate, and cross-curricula way

(Maynard et al., 2013). For example, the End of Foundation Phase Assessments covered each of the

seven Areas of Learning and assessed children during snack time, circle time, reading together, or

playing a game. The curriculum also stated that children should learn through "first-hand experiential

activities" and "play", and that the Foundation Phase had "the development of children’s self-image

and feelings of self-worth and self-esteem" at its core (National Assembly for Wales, 2008).

It is helpful to define the Foundation Phase treatment, most precisely, as constituting guided-play

pedagogy for children aged five to seven against a counterfactual of direct instruction. This is because
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the changes brought about by the Foundation Phase were considerably more stark for children aged

five to seven than for children aged three to five. Exemplar vignettes of Foundation Phase lessons

show that the intended pedagogical model was free-play for children aged three to five, as in the

counterfactual provision, but guided-play for children aged five to seven, which was very different

from the previous, direct instruction approach (Taylor et al., 2015b). In addition, only 9.3 and 15.6

percent of teachers leading the implementation of the Foundation Phase during the subsequent national

roll-out felt that it was "considerably different" to what they were already implementing in preschool

and Reception classes (ages three to five), while 56.8 and 64.9 percent felt this way regarding the two

older age groups (ages five to seven) (Taylor et al., 2015b).

Finally, two further inputs, apart from the new curriculum, were part of the Foundation Phase

policy: increased financial resources, and an intended (though non-statutory) reduction in class sizes.

The financial resources were partly intended to support schools to turn classrooms with tables and

chairs into environments which were more appropriate for play-based learning, including outdoor

space. However a considerable proportion of the resources were used to reduce pupil-teacher ratios,

for example from 1:20 to an intended 1:15 for five- to seven-year-olds (Davies et al., 2015; Siraj-

Blatchford et al., 2007). It is not clear whether the qualifications of additionally-employed adults

differed from those already employed. However, for the Pilot phase, all classes had at least one

qualified teacher to comply with national minimum requirements, with other staff qualifications

varying from no qualifications to an advanced vocational qualification (Taylor et al., 2015b).

Pilot implementation

The Foundation Phase was piloted in 43 schools in two implementation groups prior to the national

roll-out in 2008/09.6 These Pilot schools were not selected at random. Instead we know that, for the

first group of 21 Pilot schools (‘Group 1’), each Local Authority (LA) suggested one or two schools to

the Welsh government for inclusion, of which one from each LA was then selected according to Welsh

Government-prescribed criteria (Siraj-Blatchford et al., 2007; Taylor et al., 2015a). For the second

group of 22 Pilot schools (‘Group 2’), we know that the schools selected were again one from each LA

6In the Pilot phases, the roll-out began for children aged three to five (i.e. nursery and reception) and this was intended
in the national roll-out. However the Welsh Government amended these plans to allow schools longer to implement the
necessary changes, meaning that the Foundation Phase was implemented in nurseries from 2008/09 and reception classes
from 2009/10, despite the ‘headline date’ being 2008/09.
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but also that they were serving particularly low-income communities (Taylor et al., 2015b).7 A map

indicating the locations of the Pilot schools can be seen in Figure 2.1, showing their even geographical

dispersal across the nation. I only have access to the names of the selected schools, not of all those

suggested, and I examine systematic differences between the Pilot schools and all schools in Wales in

Section 2.3.2.

Figure 2.1 Map showing the Foundation Phase Pilot schools

Notes: Map showing Wales and its Local Authorities. Schools in Pilot Group 1 are shown by square icons
and schools in Pilot Group 2 by triangles. Each Local Authority contains exactly two pilot schools, one in
Group 1 and one in Group 2.

It is also important to note that significant geographical and temporal variation in formal guidance

and training appears to have been available when the Pilot settings first introduced the Foundation
7The second group of pilot schools were in areas which were also in receipt of a service called Flying Start, which

targeted children up to age four in specific areas of high deprivation. The late introduction of Flying Start means that it does
not greatly threaten the identification strategy used here. Nonetheless I explore the possible effects of this contemporaneous
policy in the robustness checks.
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Phase (Maynard et al., 2013; Siraj-Blatchford et al., 2005). For example only 50% of surveyed

Pilot Group 1 school practitioners agreed that the support and training they received was appropriate

(comparable survey data is not available for Group 2), and a Foundation Phase Pilot DVD – which

highlighted good and effective practice – was made available in early 2006, more than one year

after Pilot Group 1 schools had begun implementation (Siraj-Blatchford et al., 2005). It is therefore

appropriate to interpret treatment effects of all Pilot schools with caution, as their provision may have

differed somewhat from that of schools in the national roll-out. As I will show later, the results also

tentatively suggest more positive effects for Pilot Group 2, which may be related to the later provision

of additional training materials.

2.3 Data and descriptive statistics

2.3.1 Data and construction of the treatment indicator

I use administrative data from Wales which is held by the SAIL Databank. Many of the datasets I use

differ in the years for which the data are available. An overview of the datasets used and the years

available can be found in Appendix Section B.1.1. Appendix Section B.1.2 then provides an in-depth

account of data cleaning and variable construction. In the interest of space I provide only a summary

here.

The Education Wales dataset contains individual-level administrative data relating to the education

system in Wales including the Pupil Level Annual School Census (PLASC), academic attainment,

exclusions, absenteeism, and school-level data. As all state-funded schools in Wales are required to

return these data by law, the Education Wales data are both accurate and highly complete. The earliest

data available are for the 2003/04 academic year, though some subsets of the data are available only in

later years.

For further demographic data and health outcomes, I make use of the unique provisions of the SAIL

Databank to anonymously link pupils to a number of healthcare datasets. The Welsh Demographic

Service dataset is a register containing demographic information about individuals registered at primary

care (GP) establishments in Wales, whether or not that establishment submits additional health data

to the SAIL Databank. This dataset records pupils’ week of birth as well as the neighbourhood
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deprivation of the pupil’s home address at every age using deciles of the Welsh Index of Multiple

Deprivation (WIMD).8 I also use three additional healthcare datasets to identify health outcomes,

covering primary, secondary and emergency healthcare.9 The healthcare datasets are anonymously

linked using an encrypted National Health Service number. The education and healthcare data are

then linked using an encrypted individual identifier derived from individuals’ name, gender, postcode

of residence, and date of birth.

Finally, for treatment identification I supplied publicly available data on the unique identifying

codes of the schools which took part in each stage of the Foundation Phase Pilot. These were then

flagged anonymously by the Welsh Government prior to releasing the data extract. However it should

be noted that this method of treatment identification is different to that used in earlier evaluations of

the Foundation Phase Pilot (Taylor et al., 2015b). In particular, the earlier evaluations had access data

on Foundation Phase assessments completed by seven-year-old pupils in the Pilot schools, which are

no longer available. Both methods of treatment identification may contain measurement error in the

treatment indicator, and it is possible that the groups of children that they identify are not exactly the

same. In the following section I therefore outline some additional details which need to be taken into

account when understanding the identification of the Pilots schools and their pupils using the names of

Pilot schools, as in the present study.

Construction of the treatment indicator

The Foundation Phase Pilot schools were directed to introduce the Foundation Phase to one cohort at a

time, starting with children in Reception (kindergarten) classes, at age four (Davies et al., 2013).10 20

schools were in the first Pilot group (‘Pilot Group 1’), beginning in 2004/05 (henceforth 2005), and

8I use the Welsh Index of Multiple Deprivation 2014 index, which combines data on eight domains of income,
employment, health, education, access to services, community safety, physical environment, and housing.

9The Welsh Longitudinal General Practice dataset contains attendance and clinical information for all General Practice
(GP) interactions – including symptoms, diagnoses and prescriptions – at GP practices which submit data to SAIL. This
includes around 80% of the Welsh population, and the available data are representative of the entire Welsh population with
respect to age, sex, and level of deprivation. The two hospital datasets that I use in addition to these primary care records
are the Patient Episode Dataset for Wales, which contains attendance and clinical information for all hospital admissions in
Wales, and the Outpatient Dataset, which contains attendance information for all hospital outpatient appointments.

10This means that, when the first cohort then graduated to the next curriculum year, the Foundation Phase would be
delivered to the existing cohort and the new Reception (kindergarten) class, and only in the following year would it be
delivered to all children up to age seven (the end of Key Stage 1) for the first time.
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another 22 schools were in the second (‘Pilot Group 2’), beginning in 2007/08 (henceforth 2008).11

However I identify the pupils that took part in the Foundation Phase Pilot, and the periods of their

participation, taking into account some additional contextual and data-related challenges.

First, I split Pilot Group 1 into two groups. This is because some Primary schools in Wales use

mixed-age classes, especially in smaller schools. In their prior analyses Davies et al. (2013) found that

about half of the schools in Pilot Group 1 submitted Foundation Phase assessment results – rather than

business-as-usual, age seven assessment results – a year earlier than expected, and interpreted this as

an indication that the previous cohort in these schools also received Foundation Phase provision, most

likely because their classes were mixed (Davies et al., 2013). Although I do not have access to the

Foundation Phase assessment results, I am able to identify 13 Pilot Group 1 schools who appear to

be missing the counterfactual assessments in the expected year. I therefore treat these schools as a

subsection of Pilot Group 1 (‘Pilot Group 1a’) and as though they implemented the Foundation Phase

a year earlier. As the older cohort of pupils will have been ages five to six (rather than four to five)

when the Foundation Phase was first rolled out in their school they can still be understood as having

received the Foundation Phase treatment as defined here. In Section 2.5.2, I show that performing this

separation does not meaningfully change my results.

Second, I identify as their school the schools that pupils attend when they are ages six to seven,

which aligns with the final year of Foundation Phase provision. This is because the Education Wales

dataset begins in the 2003/04 academic year, meaning that I now observe just one cohort of pupils at

ages five to six prior to the Foundation Phase Pilot implementation beginning for Pilot Group 1a. This

is a problem because having just one untreated cohort restricts my ability to assess the plausibility

of the parallel trends assumption. However, because pupils reach ages six to seven one academic

year later than they reach ages five to six, identifying pupils at ages six to seven allows me to identify

comparable school cohorts consistently for at least two years prior to the first implementation of the

Foundation Phase Pilot for Pilot Group 1a.12 Figure 2.2 illustrates the data range and Pilot roll-out with

11One setting from Pilot Group 1 was a nursery and so not included here. One is also a special school, which I drop (see
section 2.3.2 for more information). In addition, two Primary schools (one a Pilot school) amalgamated in the final year of
the Pilot so I drop the original Pilot school for this final cohort only. One Primary school closed in the final year of the
Pilot and I am therefore unable to observe any pupils in that school for the final cohort only.

12The implication is that I am able to observe the very first (fully untreated) cohort only at ages six to seven and not at
ages five to six, as this is when the data begins.



46

school attended identified at age six, including the separation of Pilot Group 1 into two implementation

groups.

Figure 2.2 Graphical representation of the Pilot roll-out
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Notes: Years represent the end of each academic year, e.g. ‘2004’ represents the academic year 2003/04.
Pupils begin school at ages four to five (Reception). School attended is identified at ages six to seven (Grade
2). Shaded cells represent observable cohorts who received the Foundation Phase. Pilot Group 1 is split into
Pilot Group 1a and Pilot Group 1b to account for mixed-age classes.

Identifying pupils as attending school when they are ages six to seven rather than ages five to

six risks a lack of precision caused by pupils potentially moving schools between these years.13 To

explore the extent of this problem, I estimate the rate of school mobility between ages five to six and

ages six to seven for the cohorts that I can observe at both of these ages. As shown in the first two

columns of Appendix Table B.3, I find that the mobility rate at this age is 4.53%, meaning that 4.53%

of pupils are in different schools at ages six to seven to the schools that they are in at ages five to six. I

find that this mobility rate is not statistically different for pupils attending Pilot schools or for pupils

attending Pilot schools in the post-implementation period. However, as this proportion is still relatively

high, in Section 2.5.2 I also restrict my treated sample to those pupils who definitely attended pilot

schools at age five and six, and find no difference in the results.

Finally, I identify schools in a flexible way that accounts for a gradual amalgamation of Primary

schooling that occurred in Wales during the evaluation period. Specifically, the Foundation Phase Pilot

was introduced in a mixture of Infant schools (ages four to seven) and Primary schools (ages four to

eleven). To ensure that I can observe schools across time, I assume that any Infant and Junior (ages

13In particular, the identified treatment group may not have all been fully treated, and there may be some spillovers into
the control group.
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seven to eleven) schools that amalgamated to create Primary schools during the observation period

served the same pupils.14 For example, if Red Infant School amalgamated with Red Junior School to

make Red Primary School at some point between the year 2003 and the year 2020, I assume them to

essentially function as one school for the duration. I check this assumption by estimating, in the third

column of Appendix Table B.3, the likelihood of pupils changing school between age six to seven (for

mergers, the last year of Infant school) and seven to eight (for mergers, the first year of Junior school),

by whether the school merged during the observation period. I find that the rate of school mobility

is slightly higher for merging schools (5.98%) than for non-merging schools (3.55%). However in

Section 2.5.2 I find that removing merger schools does not meaningfully change my results.

2.3.2 Sample and descriptive statistics

The main sample is made by retaining pupils born across eight cohorts who began school (in Reception)

between 2002 and 2009. I drop 11.5% of pupils because they are not observed at ages six to seven

(henceforth six), the age of treatment identification. I then drop a further 1.26% who are missing Welsh

Index of Multiple Deprivation data due to imprecise linkages between the education and healthcare

datasets, a further 2.70% who are missing other demographic characteristics, and a further 0.81% who

attend a special school at some point during their education.15 This leaves a final sample of 245,669

pupils, of whom 11,920 (4.85%) attend Foundation Phase Pilot schools.

I present descriptive statistics for the characteristics of the pupils attending Pilot schools and the

rest of Wales, including separately by Pilot group, in Table 2.1. The Pilot schools are more ethnically

diverse and more deprived than the schools in the rest of Wales. For example 47.0% of pupils attending

Pilot Group 2 schools, which were selected to be from more-deprived neighbourhoods, live in the

10% most deprived neighbourhoods in Wales, compared with just 11.4% of pupils attending non-Pilot

schools. It is also noteworthy that the Pilot schools – both in aggregate and separately – are less likely

to achieve the End-of-Primary ‘Core Subject Indicator’ threshold at age 11. Though age 11 attainment

is likely to more greatly reflect pupil demographics than school quality (Wilkinson et al., 2018), these

differences suggest that the Pilot schools were not selected because of above-average performance on

standard measures.
14Precisely five Pilot Infant schools merged with Junior schools during the Pilot period.
15Special schools provide education for children with severe Special Educational Needs or disabilities.
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Table 2.1 Characteristics of pupils in Pilot and control schools
All Pilot Schools Pilot Group 1a Pilot Group 1b Pilot Group 2 Rest of Wales

Male 0.513 0.519 0.506 0.514 0.511
(0.500) (0.500) (0.500) (0.500) (0.500)

Ethnicity
White British 0.902 0.966 0.793 0.915 0.938

(0.241) (0.241) (0.241) (0.241) (0.298)
Asian and Mixed White and Asian 0.051 0.013 0.108 0.045 0.024

(0.154) (0.154) (0.154) (0.154) (0.219)
Black and Mixed White and Black 0.016 0.005 0.032 0.014 0.012

(0.110) (0.110) (0.110) (0.110) (0.125)
Other Ethnic Groups 0.032 0.016 0.068 0.026 0.026

(0.158) (0.158) (0.158) (0.158) (0.175)
First language

English 0.850 0.867 0.794 0.861 0.848
(0.359) (0.359) (0.359) (0.359) (0.357)

Welsh 0.071 0.117 0.021 0.072 0.108
(0.310) (0.310) (0.310) (0.310) (0.257)

Non-Native 0.079 0.016 0.184 0.067 0.044
(0.206) (0.206) (0.206) (0.206) (0.270)

Free School Meals at age six 0.324 0.195 0.248 0.386 0.189
(0.391) (0.391) (0.391) (0.391) (0.468)

WIMD decile at age six
(Least deprived) 1 0.014 0.051 0.015 0.002 0.098

(0.298) (0.298) (0.298) (0.298) (0.116)
2 0.045 0.071 0.066 0.030 0.094

(0.292) (0.292) (0.292) (0.292) (0.207)
3 0.048 0.078 0.050 0.038 0.093

(0.290) (0.290) (0.290) (0.290) (0.214)
4 0.048 0.075 0.064 0.035 0.091

(0.288) (0.288) (0.288) (0.288) (0.214)
5 0.063 0.050 0.132 0.047 0.100

(0.300) (0.300) (0.300) (0.300) (0.243)
6 0.064 0.166 0.035 0.042 0.100

(0.299) (0.299) (0.299) (0.299) (0.245)
7 0.098 0.150 0.133 0.073 0.100

(0.300) (0.300) (0.300) (0.300) (0.298)
8 0.118 0.156 0.086 0.116 0.103

(0.304) (0.304) (0.304) (0.304) (0.323)
9 0.160 0.145 0.224 0.146 0.107

(0.309) (0.309) (0.309) (0.309) (0.367)
(Most deprived) 10 0.342 0.060 0.196 0.470 0.114

(0.318) (0.318) (0.318) (0.318) (0.475)

End-of-Primary Core Subject Indicator 0.767 0.802 0.790 0.750 0.834
(0.372) (0.372) (0.372) (0.372) (0.423)

N 11920 2241 2204 7475 233749
N of which treated 4872 1664 1363 1845 0
Schools 42 12 8 22 1346

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Data are for both ‘pre’ and ‘post’ Foundation Phase years. Pilot Schools are further split into Groups 1a, 1b and 2, which each implement the Foundation
Phase in different years. WIMD stands for the Welsh Index of Multiple Deprivation of the pupil’s home address, 2014 index, which combines data on
eight domains of income, employment, health, education, access to services, community safety, physical environment, and housing. The End-of-Primary
Core Subject Indicator is a binary variable indicating that a pupil is working at the age-expected level, based on teacher assessments, in English or Welsh
(first language), mathematics, and science, in combination. N is the number of pupil-level observations. Standard deviations in parentheses.

As a descriptive indication of change occurring in the Pilot schools following the introduction

of the Foundation Phase, I also construct a measure of pupil-teacher ratios over the years studied.16

16I urge some caution in interpreting this outcome. The pupil-teacher ratio measure is a self-created measure made by
dividing the number of pupils in Grades 1 and 2 by the number of teachers assigned to different groups of children in Key
Stage 1 (Grades 1, 2, or ‘M’ (mixed)), by school and year. The final cohort (2009) is dropped as measures are affected by
a change in variable definition. Schools with any resultant ratios above the legal infant class size limit of 30 pupils are
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Figure 2.3 Pupil-teacher ratios at ages five to seven
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Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream
schools in Wales and have no missing data. Years represent the end of each academic year, e.g. ‘2004’
represents the academic year 2003/04. Pilot Group 1a implemented in 2004, 1b in 2005, and 2 in 2008. The
pupil-teacher ratio measure is a self-created measure made by dividing the number of pupils in Grades 1
and 2 by the number of teachers assigned to different groups of children in Key Stage 1 (Grades 1, 2, or ‘M’
(mixed)), by school and year. The final cohort (2009) is dropped as measures are affected by a change in
variable definition. Schools with any resultant ratios above the legal infant class size limit of 30 pupils are
dropped (48%). The resultant sample contains 679 Primary schools, including 26 Pilot schools: 7 in Pilot
Group 1a, 4 in Pilot Group 1b, 15 in Pilot Group 2. See Appendix Section B.1.2 for more details.

Recall that a reduction of pupil-teacher ratios from 1:20 to 1:15 was an intended, if non-statutory,

aspect of the Foundation Phase Pilot implementation. Figure 2.3 shows the change in pupil-teacher

ratios over time in Pilot and non-Pilot schools, both together and then disaggregated by Pilot group,

dropped (48%). The resultant sample contains 679 Primary schools, including 26 Pilot schools: 7 in Pilot Group 1a, 4 in
Pilot Group 1b, 15 in Pilot Group 2. See Appendix Section B.1.2 for more details.
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with the vertical lines representing the years in which more of the Pilot schools began delivering the

Foundation Phase. The intended 1:15 ratio appears to have actually been surpassed by both Pilot

and control schools on average, but by a considerably greater margin in the Pilot schools, and there

is clear evidence of this substantial change to school environments as the Foundation Phase Pilot is

rolled out. However, once disaggregated, the changes appear somewhat less-precisely related to the

implementation year of each group, likely indicative of how variable such a measure can be; in a

school with one class per cohort, creating two classes would effectively halve the pupil-teacher ratio.17

Outcome measures

Finally, I construct two sets of educational outcomes distinguished by the age-related timing of

measurement. It is not possible to use age seven measures, which would correspond with the end of

the treatment, as there are no administrative data available.18 However I am able to use measures at

ages 11 and 16, which mark the ends of distinct Key Stages of schooling in Wales and are ages at

which national attainment data are collected.

The existing literature on the long run effects of early years interventions – albeit the vast majority

considering preschool attendance against a counterfactual of informal or parental childcare – tends to

find consistently (positive) effects on age-adequate Primary and Secondary school progression and

mixed effects on test scores and school grades (Dietrichson et al., 2020). I select measures which

can be similarly understood as an indication that a pupil is academically ‘on track’, and which it may

therefore be appropriate to interpret as valid primarily for pupils close to these ‘on track’ thresholds

(likely towards the middle of the distribution of academic attainment).19 For age 11 this measure is the

Core Subject Indicator (CSI), a binary variable indicating that a pupil is working at the age-expected

level, based on teacher assessments, in English or Welsh (first language), mathematics, and science, in

combination. For age 16 it is a binary variable indicating that a pupil has achieved Level 2 in their age

16 examinations, meaning that that they have achieved a secure pass in at least five GCSE or equivalent

17It is worth noting that evidence on the effects of class size reductions on student achievement have been mixed
(Hanushek, 2020). Nonetheless, one might expect a positive effect from reductions in class size alone, and could therefore
assume any measured effects to already include positive class size effects.

18Specifically, attendance data only begins in 2007/08, and pupils who did receive the treatment completed different age
seven academic assessments to their counterparts in non-treated schools, the data from which is unavailable.

19Key Stage ‘Levels’ are available at age seven but most are one of three options, and are designed to be discrete
measures rather than a continuous scale. They are also only available for pupils who did not receive Foundation Phase
provision. Grades are not available in the current version of the GCSE data available to me.
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qualifications, a common threshold for pupil progression into further education or training.20 I also

measure, at age 16, whether pupils enrol in the academic track for post-16 education (sixth form).21

However it should be noted that pupils have another route of staying in education at age 16: attendance

at a Further Education College, which tend to offer more vocational qualifications.22

For non-cognitive outcomes, I follow the recent literature in economics by using measures of

behavioural outcomes at each age as proxies for non-cognitive skills (Bertrand and Pan, 2013; Heckman

and Kautz, 2012; Kautz and Zanoni, 2024). At age 11, I use school attendance, defined as the proportion

of possible school days attended.23 At age 16, I measure whether a pupil has been temporarily excluded

(suspended) from school during their last year of compulsory schooling.24 These outcomes are of

interest because there is evidence that changes in such skills predict larger impacts on long-run

outcomes than test scores (Jackson, 2018). In addition, they create a more holistic picture of the

impacts of the Foundation Phase, which aligns with the some of the Welsh Government’s original

intentions for the policy (National Assembly for Wales, 2003).

Not all outcomes are available or reliable for every observed year. To avoid contamination by the

2020 Covid-19 pandemic, I exclude 2020 data (the last cohort) at age 16 for exclusions and sixth form

attendance, while for GCSE examinations data from 2020 is not available. It is also worth noting

that GCSE examinations data are available from 2014 only, meaning that I can observe one fewer

pre-treatment year than for my other outcomes.25 To retain the largest sample that I can, I create

separate samples for pupils who are observed with non-missing covariates and outcomes at age 11,

at age 16, and at 16 in the first academic year of elective schooling (henceforth ‘age 16 with sixth

form’). As discussed further in Section 2.5.2, I find evidence of slightly higher sample attrition from

the Pilot schools compared to the control schools but no significant compositional change effects from

20Another, closely-related measure at age 16 examinations would be ‘Level 2 Plus’, meaning that pupils have achieved
a secure pass in at least five GCSE or equivalent qualifications including English or Welsh (first language) and maths.
However unfortunately this benchmark is not available in the existing data until 2017, and thereby unusable in this analysis.

21I drop pupils who are no longer present in the Welsh Demographic Service dataset as I would otherwise be unable to
rule out the possibility that pupils have moved out of Wales.

22Data on Further Education enrollments appear to be available and, once this is confirmed, will be sought for a later
version of this paper.

23I treat both authorised and unauthorised absences as non-attendance. Attendance at age 16 is difficult to interpret due
to the use of ‘study leave’ from school, prior to examinations, and so not included here.

24I use only the last year as the exclusions data begins late, in 2012/13, meaning that any earlier age would require less
robust pre-trends testing.

25A different version of the GCSE examinations data has been requested.
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Figure 2.4 Unadjusted trends in outcomes over time

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream
schools in Wales and have no missing data. Years represent the end of each academic year, e.g. ‘2004’
represents the academic year 2003/04. Pilot Group 1a implemented in 2004, 1b in 2005, and 2 in 2008.
Not all outcomes are available for all years due to: (i) lack of coverage in the available data tables, or
(ii) contamination with ‘Covid’ years (see Appendix Section B.1.1). ‘Core Subject Indicator’ is a binary
variable indicating that a pupil is working at the age-expected level, based on teacher assessments, in English
or Welsh (first language), mathematics, and science, in combination. ‘5 GCSE Passes’ a binary variable
indicating that a pupil has achieved Level 2 in their age 16 examinations, a common threshold for pupil
progression into further education or training. Exclusions are fixed-term exclusions only. Sixth form is the
non-compulsory academic track for advanced schooling at age 16.
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the pre-Pilot to post-Pilot periods across any demographic. Trends in the outcome measures over time,

disaggregated by Pilot group, are shown in Figure 2.4.

2.4 Empirical strategy

2.4.1 Difference-in-differences model

The goal of this paper is to identify the causal impact of the Foundation Phase Policy on later

educational outcomes. To do this, I exploit the staggered roll-out of the Foundation Phase Pilot across

schools in Wales between 2004 and 2008, and leverage in particular the fact that two groups of schools

implemented the Foundation Phase before the national roll-out as part of a Pilot program. Under a set

of assumptions described below, the quasi-experimental variation generated by the staggered roll-out

of the Foundation Phase Pilot allows me to estimate the causal impact of the Foundation Phase on

later educational outcomes using a difference-in-differences strategy. Comparing consecutive cohorts

of pupils attending schools, the strategy compares the before-after differences in outcomes between

pupils in schools which implemented the Foundation Phase Pilot and pupils in schools that did not

implement the Foundation Phase Pilot. In other words, I estimate the differences in outcomes for

pupils in the cohorts before the Foundation Phase was rolled out in their school to pupils in cohorts

after, net the average changes in outcomes that occur for all schools in the rest of Wales.

I use a staggered difference-in-differences design to account for the fact that the Foundation Phase

Pilot was implemented to different groups of schools at different times. The basic model which I

estimate can be written as follows:

Yisgt = α +βFPgt−b +γXi + δFSMit +η(FSMit ×PDGt)+ θs +λt + εisgt (2.1)

where Yisgt represents an outcome for individual i in year t who attended Primary school s that belongs

to Pilot Group g; FPgt−b is an indicator for whether, in year t−b (b={6,10,11}), the Foundation Phase

was being implemented at schools in Pilot Group g; θs indicates school fixed effects; λt indicates year

fixed effects; and εisgt is an error term. Standard errors are clustered at the school level.
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Xi is a vector of time-invariant pupil demographics. Though the difference-in-difference design

does not require treatment and control groups to match on observable characteristics or outcomes

prior to the implementation of the treatment, it does require an assumption that the trends in the

outcomes of the two groups would have been parallel in the absence of the treatment. It is therefore

necessary to control for any characteristics that differ between the two groups and which might affect

their trends in outcomes over time. This instead ascribes a conditional parallel trends assumption.

The time-invariant pupil demographic controls that I include are gender (male or female), ethnicity

(White British, Asian or Mixed White and Asian, Black or Mixed White and Black, or Other Ethnic

Group), and first language (English, Welsh, or non-native). I also control for decile of Welsh Index of

Multiple Deprivation, which measures the neighbourhood deprivation of the pupil’s home address, at

age six, and for a pupil’s eligibility for free school meals (FSM) contemporaneously to the outcome

measured (FSM it ).26 Any observable and unobservable time-invariant differences between schools

are accounted for by the school fixed effects.

The difference-in-differences design also requires consideration of any coincident policy changes

which might affect trends in outcomes over time. The Pupil Deprivation Grant (PDG) was introduced in

2013 and provides extra funding for schools for each FSM-eligible pupil on roll.27 The implementation

of the PDG was after the Foundation Phase Pilot roll-out, when the Pilot school pupils were aged

eight or above. Despite the PDG occurring in all schools, which would mean that it any resultant

improvements in the attainment of eligible pupils might be assumed to be a time trend which is

‘differenced out’ by the difference-in-differences design, its introduction might bias my estimates

upwards as PDG funding is both correlated with the treatment (the treatment settings are more deprived

than the national average) and with the outcomes of interest. I therefore create a variable – PDGt –

26I do not control for WIMD at later ages to account for the possibility that a pupil’s home address may have changed in
response to being in receipt of the Foundation Phase pilot. Similarly, I have no measure of cognitive or non-cognitive skills
at an age prior to when pupils would have received the Foundation Phase, and do not include any measures after this age
due to the risk that any such measures would themselves be affected by the treatment. However I do control for a pupil’s
eligibility for free school meals (FSM) contemporaneously to the outcome measured (i.e. at later ages), as free school
meals eligibility is determined by parents’ receipt of income-determined benefits which is very unlikely to be affected by
their child being in receipt of the Foundation Phase Pilot.

27PDG funding was extended to looked after children in 2013/14. However unfortunately I am not able to observe
whether children are classified as looked after in the data due to data sensitivity precautions.
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which is equal to the amount of per-pupil additional funding that schools received, and interact this

with the contemporaneous pupil-level FSM-indicator.28

As highlighted by the recent literature on difference-in-differences, for equation (2.1) to recover

an un-biased average treatment effect on the treated (ATT) we must also assume treatment effect

homogeneity both across treated groups and across time. This is because two-way fixed effects

(TWFE) models, such as equation (2.1), implicitly use already-treated comparison groups (so called

‘forbidden comparisons’) and assign larger weights to larger groups and groups treated closer to the

middle of the panel (Baker et al., 2022; De Chaisemartin and d’Haultfoeuille, 2023; Roth et al., 2023).

In this evaluation approximately 95% of schools are never treated during the evaluation period, which

somewhat lessens concerns around forbidden comparisons as any already-treated schools will be a

very small proportion of the entire control group. Nonetheless, to address the potential biases of the

TWFE estimator I implement all difference-in-differences analyses by estimating equation (2.1) using

the estimator suggested by Borusyak et al. (2024). This estimator imputes potential outcomes for

the treated group in the absence of treatment using only data on untreated units. The ATT is then

estimated as the average difference between the predicted and observed outcomes across all treated

pupils, with standard errors clustered at the school level. A key benefit of using the Borusyak et al.

(2024) estimator in this setting is its flexibility, especially in adjusting for time-varying covariates such

as those relating to free school meal eligibility and the Pupil Deprivation Grant. The Borusyak et al.

(2024) estimator is also generally more efficient compared to other recent estimators, such as those

proposed by Callaway and Sant’Anna (2021) and Sun and Abraham (2021).

2.4.2 Parallel trends

I test for conditional parallel trends prior to the introduction of the Foundation Phase as a way

of providing evidence in support of the assumption that the Pilot and control schools would have

trended similarly, conditional on controls, in the absence of the introduction of the Foundation Phase

Pilot. I implement the pre-trends test suggested by Borusyak et al. (2024), which avoids the bias of

heterogeneous treatment effects incurred when deviations of parallel pre-trends are jointly estimated

with post-treatment effects (Roth, 2022). I first estimate an event-study version of equation (2.1) with
28The Pupil Deprivation Grant funding that schools received per free school meals pupil was £450 from 2013/14, £918

from 2014/15, and £1150 from 2015/16.
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indicators for distance to the introduction of the Foundation Phase, but using only never-treated and

pre-treated observations. Specifically, I estimate the following specification:

Yisgt = α +βpre
k

−1∑
k=−6

Dk(gt−b) +γXi + δFSMit +η(FSMit ×PDGt)+ θs +λt + εisgt (2.2)

where Dk(gt−b) is a set of indicator variables that take value one if, for group g in year t − b

(b={6,10,11}), the introduction of the Foundation Phase was k years away. I treat pupils in the

cohort one year before the Foundation Phase was rolled out to their group of Pilot schools as the

omitted category and compare them to pupils in the other cohorts.29 The βpre
k coefficients then estimate

whether the difference in the conditional outcomes for the Pilot and control groups k years before the

Foundation Phase Pilot was introduced are statistically significantly different from that in the year

directly preceding its introduction. If no βpre
k estimates are statistically significantly different from

zero then the pre-trends can be said to be conditionally parallel. Figure 2.2 provides a visual test of

each of the βpre
k estimates individually by displaying conventional event-study plots for the pre-Pilot

years only, for all outcomes.

I also formally test for parallel pre-trends by testing the joint significance of different βpre
k

coefficients using an F-test. The results are displayed in Table 2.2. As an example, the row labelled

‘3-year horizon’ presents the test that the estimates for βpre
2 and βpre

3 are jointly equal to zero, and the

row labelled ‘4-year horizon’ the test that the estimates for βpre
2 , βpre

3 and βpre
4 are jointly equal to

zero. As p < 0.1 for no horizon and outcome combination in Table 2.2, I never reject parallel trends.

It should be noted that only the 2-year horizon test is balanced (contains data from all Pilot groups)

with regard to pre-treatment Pilot schools; longer horizons are unbalanced and rely more heavily on

data from Pilot Groups 1b and 2. In addition, as I am currently unable to observe the first year of data

for pupils’ academic attainment at age 16, we only observe one pre-treatment year for this outcome

29I deviate marginally from the method outlined by Borusyak et al. (2024) by excluding as the reference year the year
directly preceding the introduction of the Foundation Phase, rather than the earliest observed period. I do this because my
panel is unbalanced such that the estimates just one and two years away from the introduction of the Foundation Phase
include all Pilot schools, while those a greater number of years away include only Pilot Group 1b or Pilot Group 2.
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Figure 2.5 Pre-trends graphs

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream
schools in Wales and have no missing data. Estimates from equation (2.2) on never-treated and pre-treated
observations of pupils in treated schools only. Sample sizes are as follows, by figure: (A) 232087; (B)
232087; (C) 164159; (D) 195180; (E) 193921. Additional controls in underlying regression: gender,
ethnicity, language, Welsh Index of Multiple Deprivation at age six, free school meal eligibility at the age
of measurement, free school meal eligibility at the age of measurement interacted with Pupil Deprivation
Grant funding, Primary school fixed effects, year fixed effects. X-axis indicates moving forward in time, e.g.
‘5’ means 5 years before the Pilot implementation.

for Pilot Group 1a, which is the omitted year, meaning that Pilot Group 1a does not contribute to βpre
2

in column (3).30

30A different version of the GCSE examinations data has been requested.
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Finally, it is possible that the different Pilot groups separately violate the conditional parallel

trends assumption and yet offset one another, resulting in no violations in aggregate. This would be

concerning as the offsetting could have occurred purely by chance, undermining the validity of the

aggregate tests. I check for such offsetting by completing the parallel pre-trends tests outlined above

but separately for each Pilot group. To allow us to identify offsetting trends it is useful to see the

direction of any pre-period coefficient estimates. I therefore present separate pre-period event study

figures differentiated by Pilot group and outcome in Appendix Figure B.1, and formal pre-trends tests

in Appendix Table B.4. Overall the results indicate that we should not be overly concerned about

parallel trends assumption violations in the separate Pilot groups. The one exception is for the Age

11 Core Subject Indicator results, where both Pilot Group 1b and Pilot Group 2 display a single βpre
k

which is statistically different from zero. It is also worth noting that, by thus restricting the sample

of Pilot schools to fewer schools and thereby fewer clusters, I am greatly reducing the power of the

statistical tests and therefore results should be interpreted with caution.

Table 2.2 Tests for parallel pre-trends
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

2 year horizon
F 0.174 0.169 0.443 0.335 0.228

P(F) 0.677 0.681 0.506 0.563 0.633
3 year horizon

F 0.149 1.056 0.222 0.202 0.813
P(F) 0.861 0.348 0.801 0.817 0.444

4 year horizon
F 1.504 0.708 0.463 0.147 0.565

P(F) 0.212 0.547 0.708 0.932 0.638
5 year horizon

F 1.140 0.577 0.363 0.118 0.451
P(F) 0.336 0.680 0.835 0.976 0.772

6 year horizon
F 0.957 0.609 0.106 0.377

P(F) 0.443 0.693 0.991 0.865

N 232087 232087 164159 195180 193921

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Estimates from equation (2.2) on never-treated and pre-treated observations of pupils in treated schools only. Additional controls in underlying regression:
gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six, free school meal eligibility at the age of measurement, free school meal
eligibility at the age of measurement interacted with Pupil Deprivation Grant funding, Primary school fixed effects, year fixed effects. Standard errors
clustered at the school level.
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2.5 Results

2.5.1 Main results

Table 2.3 presents estimates of β in equation (2.1) on five medium-term outcomes of the Foundation

Phase policy, two measured at age 11 and three measured at age 16. Each result shows the estimated

effect of the policy for pupils who received Foundation Phase Pilot provision compared to pupils who

instead received formal schooling between ages five and seven.

The results indicate that the Foundation Phase Pilot had no measurable effects on pupils’ school-

related outcomes and behaviours at ages 11 or 16. Specifically, as none of the estimates reach

conventional levels of statistical significance, I have insufficient evidence to reject the null hypothesis

that any of the effects are zero in the population. These results are in line with the null effects found by

Biroli et al. (2018) in their evaluation of the Reggio Emilia approach in Italy, which is to the best of my

knowledge the only other study which has evaluated the medium- to long-term effects of a play-based

and child-centered curriculum and pedagogy compared to other types of early childhood education. In

addition, these null effects are important and interesting in and of themselves. They tell us that, on

average, children who received two fewer years of direct instruction during early Primary education

still achieved similarly to their peers in later education, made similar school-related decisions, and

exhibited similar school-related behaviours.

There are also limits to the conclusions that we can draw from these results. For example, the

results are unable to tell us whether there were any contemporaneous effects at age seven which I am

unable to measure in these data, but which fade out by the time children reach age 11 and age 16, or

any so-called ‘sleeper’ effects which only appear at ages older than those assessed (García et al., 2021;

Gray-Lobe et al., 2023; Heckman et al., 2013). In addition, as I have previously stated, I am limited

in the outcomes that I can measure in the present study. Should there be any time-sensitive skills

and capacities which greater play-based learning afforded the pupils receiving the Pilot provision but

which I am unable to measure – for example positive attitudes towards learning, improved wellbeing
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Table 2.3 Main results
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Treatment Effect (ATT) 0.014 -0.019 -0.014 0.002 -0.017
(0.012) (0.031) (0.015) (0.006) (0.018)

School fixed effects ✓ ✓ ✓ ✓ ✓
Year fixed effects ✓ ✓ ✓ ✓ ✓

Controls ✓ ✓ ✓ ✓ ✓
Mean 0.831 0.020 0.690 0.037 0.408

Proportion treated 0.048 0.048 0.048 0.048 0.048
N 236706 236706 167190 198211 196934

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Estimates from equation (2.1) using the estimator proposed by Borusyak et al. (2024). Controls: gender, ethnicity, language, Welsh Index of Multiple
Deprivation at age six, free school meal eligibility at the age of measurement, free school meal eligibility at the age of measurement interacted with Pupil
Deprivation Grant funding, Primary school fixed effects, year fixed effects. Standard errors in parentheses, clustered at the school level. * Significant at
10%; ** significant at 5%; *** significant at 1%.

or active citizenship – then these results suggest that it might be possible for children to develop those

skills and still ‘catch up’ with their peers on standard measures.31

While acknowledging the lack of statistical significance, it is interesting to briefly note the direction

and magnitude of the estimates in Table 2.3. The point estimate of 0.014 in column 1 indicates that

pupils who received Foundation Phase Pilot provision may have been around 1.4 percentage points

more likely to achieve the Core Subject Indicator at age 11 compared to their peers who instead

received formal education between ages five and seven. This result aligns with the overall positive

effect for the age 11 teacher assessments found in the previous Foundation Phase Pilot evaluation

(Davies et al., 2015). However, the point estimates for the other outcomes show a less favourable

picture: they are negative for standardised attendance rates at age 11, negative for the likelihood of

achieving five passes in school leaving examinations (GCSEs) at age 16, positive for the likelihood of

being excluded from school at age 16, and negative for the likelihood of enrolling in the academic

track for post-16 education (sixth form). Taken together, these patterns raise important questions

about the longer-term implications of the Foundation Phase Pilot, particularly in relation to academic

attainment and engagement beyond Primary school.

Finally, as my control group is very large, the results in Table 2.3 which use the Borusyak et al.

(2024) estimator should be very similar to those estimated using a TWFE estimator. As shown in

Appendix Table B.5, this is indeed the case: in general, the TWFE results indicate a slight positive

31Though not directly comparable to the present evaluation, non-cognitive skills have generally been found to be the
primary mechanisms of positive long-run effects of preschool access, while effects on test-scores fade out (Havnes and
Mogstad, 2015; Heckman et al., 2013).



61

bias compared to the Borusyak et al. (2024) results, but in every case the significance and direction of

the estimates is the same and the magnitudes similar.

2.5.2 Threats to identification and robustness checks

The key assumption of my difference-in-differences research design is the conditional parallel trends

assumption, evidence in support of which is provided previously in Section 2.4.2. In this section

I discuss further threats to the validity of my identification strategy and probe the stability of my

estimates to robustness checks and alternative specifications.

Compositional change and attrition

First, different types of families may have been more or less likely to enroll their children in Pilot

schools because of the change in pedagogy for children between ages five and seven, threatening the

assumption of parallel trends. In Wales, parents and carers apply for school places for their children,

and different types of schools have different admissions procedures. The Local Authority (LA) is

responsible for making admissions decisions for most schools apart from some religious schools for

whom admissions decisions are made by a governing body admissions panel, and indeed 95% of the

Pilot schools are those for which the LA made admissions decisions. This gives us some assurance

that the schools themselves generally had little discretion over the pupils that they could admit.32

Nonetheless it could still be that different parents apply to those schools. Although it is not possible to

check whether there are any unobservable changes in the types of children attending Pilot schools

over time, the first column of Appendix Table B.6 presents checks for the balance of their observable

characteristics. It shows that, along the demographic characteristics in the data available, there are no

meaningful compositional changes following the introduction of the Foundation Phase.33

Second, there may be different follow-up rates at ages 11 and 16 for Pilot school pupils compared

to control group pupils. Specifically, despite there being no evidence of considerable compositional

change in the pupils who attended Pilot schools at age six before and after treatment, nonrandom
32Broadly, LA admissions procedures must give some attempt to comply with parents’ preferences while being

"procedurally fair and are also equitable for all groups of children" (Welsh Government, 2009).
330.9% fewer Black and Mixed White and Black pupils attend Pilot schools in the period following the Foundation

Phase introduction, though as this group only make up around 1.2% of all pupils in Wales this is not likely to meaningfully
impact the results. The other changes are primarily in the deciles of the Welsh Index of Multiple Deprivation measure,
where, for example, consecutive measures tend to increase and decrease in balance.
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attrition occurring simultaneously to treatment may generate selection bias in the longer-run outcomes.

Overall attrition in the sample is quite low, with 96.4% of pupils in the original sample being retained

in the age 11 sample, 91.9% in the age 16 sample, and 91.3% in the age 16 with sixth form sample.

As shown in Appendix Table B.7, attrition is slightly higher in Pilot schools, by 0.4 percentage

points at age 11, 1.6 percentage points at age 16, and 1.5 percentage points at age 16 with sixth form.

Nonetheless, these differing rates of attrition would only introduce bias into my results if the observable

(and unobservable) characteristics of pupils leaving the sample change over time and concurrently

with the introduction of the Foundation Phase pilot. I check this by repeating the compositional change

analysis but for the age 11 and age 16 samples. The results, in the second, third, and fourth columns of

Appendix Table B.6, show almost identical patterns in compositional change as in the age six sample.

This provides reassurance that non-random attrition does not bias the results.

Contemporaneous policies

Any policies which occurred during the observed period and may differentially impact Pilot schools are

a threat to identification because they could contaminate the measured effects of the Foundation Phase

Pilot. Equation (2.1) already conditions explicitly for the Pupil Deprivation Grant, which provides

extra funding for schools according to the number of FSM-eligible pupils they have on roll. However

another such contemporaneous policy is Flying Start, a multi-faceted support service provided for

the families of children up to the age of four and living in specific areas of high deprivation.34 Pilot

Group 2 schools were specifically selected to be in Flying Start areas, which means that I run the risk

of picking up a ‘Flying Start effect’ in the Foundation Phase treatment effect estimations. However

the timing of Flying Start – which was launched in 2007 – is helpful in this respect. This is because

the first cohort of reception children who could have potentially received any Flying Start provision

are those born in 2003/04, namely the last cohort of Pilot Group 2 pupils. In addition, although these

pupils may have received a single year of Flying Start provision, this would not have constituted

anything like ‘full’ treatment by Flying Start.35 Nonetheless I explore the possible effects of this

34Flying Start support included free part-time childcare, enhanced health visiting, parenting guidance, and interventions
to address communication difficulties. Children stopped receiving any provisions once they started in school.

35A Welsh Government evaluation report considers children to have ‘received’ Flying Start only if they could have
potentially received the provision for two or more years because so much of the provision (specifically childcare and health
visits) was only available to children aged two to three (Wilton and Davies, 2017).
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contemporaneous policy in Appendix Table B.8 by excluding the last cohort of pupils, who may have

received some Flying Start provision. I find, in column 1, a slightly lower point estimate for the

likelihood of achieving the Core Subject Indicator at age 11, but overall no changes to the direction or

significance of the results.36

Sample selection and treatment identification

I complete three robustness checks to ensure that my main results are robust to changes in sample

selection and treatment identification. First, as discussed in Section 2.3.1, due to data unavailability I

have manually identified 13 schools from Pilot Group 1 (named Pilot Group 1a) who are likely to have

mixed-age classes and therefore effectively implement the Foundation Phase a year (cohort) early.

To check whether performing this separation meaningfully changes my results, Appendix Table B.9

re-combines Pilot Group 1a and Pilot Group 1b into a single group: Pilot Group 1. As such, one

balanced pre-intervention year is gained, but it is possible that anticipation effects will contaminate

the results. However I find no changes to the direction or significance of the results apart from age 16

exclusions, which remains insignificant but the point estimate changes sign.

Second, to maximise the pre-treatment years available in my data, I previously identified pupils

attending Pilot schools at ages six to seven – in the final (second) year of Foundation Phase imple-

mentation – rather than when they are ages five to six. However I also find evidence that around

five percent of pupils are in different schools at ages six to seven to the schools that they were in at

ages five to six (see Appendix Table B.3). Although, as previously discussed, this mobility rate is

not statistically different for pupils attending Pilot schools or for pupils attending Pilot schools in the

post-implementation period, in Appendix Table B.10 I restrict the sample to those pupils who I can

observe from ages five to six rather than just ages six to seven. As such, one pre-intervention year is

lost, but I am able to re-assign treatment status to pupils who definitely attend Foundation Phase pilot

schools from age five to age seven. I find no changes to the direction or significance of the results.

Third, recall that the Foundation Phase Pilot was introduced in a mixture of Infant schools (ages

four to seven) and Primary schools (ages four to eleven). To ensure that I can observe schools across

time, I previously assumed that any Infant and Junior (ages seven to eleven) schools that amalgamated

36It is worth noting that this cohort is excluded from all age 16 measures in the main results due to either a lack of data
availability or to avoid the potential contamination of a ’Covid’ effect.
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to create Primary schools during the observation period served the same pupils. However I also find

that the rate of school mobility is slightly higher for merging schools than for non-merging schools

(see again Appendix Table B.3). Appendix Tables B.11 and B.12 therefore restrict the sample of

schools to those which we observe for every cohort and those which never experience schools mergers,

respectively. I find no changes to the direction or significance of the results in either case.

Timing of diagnoses of Special Educational Needs and ADHD

Changes in curriculum and pedagogy, as well as a reduction in pupil-teacher ratios, may mean that

teachers delivering Foundation Phase provision identify different types and levels of skill and compe-

tency in their pupils compared to teachers delivering more formal schooling. Specifically, Foundation

Phase Pilot pupils may be more or less likely to be identified as having a Special Educational Need

(SEN) or Attention Deficit Hyperactivity Disorder (ADHD) between ages five and seven, leading to

earlier or later provision of support.37 If SEN and ADHD diagnoses are more or less likely to occur in

Pilot schools relative to non-Pilot schools because of the policy, this would constitute an unintended

part of the treatment effect. Moreover, such diagnoses have inbuilt persistence, meaning that early

intervention could forestall or reduce later negative effects.

I investigate the effect of the Foundation Phase Pilot on the likelihood of pupils being diagnosed as

SEN or ADHD by age seven. For SEN, I identify the first record of any Special Educational Need

between ages six and seven, as my education dataset only begins consistently at age six. For ADHD, I

identify the first record of ADHD in primary or secondary healthcare between ages five and seven,

additionally controlling for any diagnoses before age five.38 The first three columns of Appendix

Table B.13 shows the pre-trends tests and ATT estimates when I use SEN and ADHD diagnoses as

outcome measures. In each case the outcome measure is the likelihood of receiving a diagnosis, by

37For example, Nicodemo et al. (2024) find evidence of higher ADHD rates among early school starters caused by
peer-comparison bias and differences in relative age among classmates.

38To be precise, I construct an indicator for individuals who were only registered with contributing GP practices between
ages zero and seven, and restrict my ADHD outcome sample to these individuals. Following John et al. (2022), I use
validated Read v2 codes to identify children with primary care (GP) records for ADHD (including diagnoses, symptoms,
and prescriptions) in the Welsh Longitudinal General Practice dataset, and ICD-10 diagnostic codes to identify children
with hospital admissions or outpatient appointments for anxiety or depression in the Patient Episode Dataset for Wales or
the Outpatient Dataset, respectively. Unfortunately, the proportion of records in the Outpatient Database for Wales that
have been clinically coded is not sufficient to reliably identify diagnosis. I therefore report a sensitivity check excluding
the Outpatient Database for Wales, to ensure that their exclusion does not considerably change the main conclusions.
Appendix Section B.1.3 indexes the individual codes used.
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age seven, as either SEN or ADHD. The results show null effects across all outcomes. In other words,

there is no difference in the likelihood of pupils attending Foundation Phase Pilot schools receiving a

diagnosis of a Special Educational Need or ADHD by age seven compared to their peers who did not

attend Foundation Phase pilot schools.

Secondary school quality

Finally, children who attended Foundation Phase Pilot schools may have been more or less likely to

attend higher or lower quality Secondary schools that their peers from the same Primary school but

before the introduction of the Foundation Phase, and compared to their peers in the rest of Wales. This

is a threat to identification as any measured effects at age 16 could be driven by the quality of the

Secondary schools attended, rather than the Foundation Phase itself. To investigate this possibility,

I create a basic school value-added measure by regressing whether a pupil has achieved five GCSE

passes at age 16 on whether they achieved the Core Subject Indicator at age 11 and adjusting for

gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six, free school meal eligibility

at age 16, the Pupil Deprivation grant funding, and indicators for each Secondary school. Importantly,

I run these regressions separately by year and excluding pupils who attended Foundation Phase Pilot

schools. For each year, I then extract the coefficients for each Secondary school and create standardised

outcome, and use this measure as an outcome variable for equations (2.1) and (2.2). The β coefficient

reported in the fourth column of Appendix Table B.13 therefore measures any changes in the quality

of the Secondary schools attended by pupils in receipt of the Foundation Phase Pilot. This shows

a positive estimate but a null effect, and as such provides reassurance that any measured effects in

other outcomes at age 16 are unlikely to be driven (or counteracted) by Pilot school pupils attending

relatively higher-quality Secondary schools.

2.5.3 Heterogeneity

Reduced differential attainment across pupil groups was an explicit goal of the Foundation Phase

policy for the Welsh Government (Maynard et al., 2013). In this final section I therefore perform

subgroup analysis to explore whether there are different effects of the Foundation Phase Pilot for
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pupils with different characteristics (gender and socioeconomic status). I also explore whether the

estimated effects appear to differ across the different Pilot groups.

Main results by pupil characteristics

I begin by exploring how the effects of the Foundation Phase pilot differ according to the gender of the

pupil. Fidjeland et al. (2023) find that, in Norway, boys benefit considerably more than girls from the

introduction of formal schooling against a counterfactual free-play approach. One possible mechanism

of these effects is that girls develop faster than boys in domains like vocabulary and socioemotional

skills, and are thus likely to have an initial skill advantage and to spend more time engaging in activities

that promote school readiness and skill development, compared to boys (Dietrichson et al., 2020).

Indeed Power et al. (2019) find, in a qualitative evaluation of the full roll-out of the Foundation Phase,

that girls and boys differed in the types of learning they were exploring; girls were more likely to be

involved in self-directed learning, to be engaged in activities at workstations and desks, and to interact

with their peers and adults, than boys. Existing quantitative evaluations of the Foundation Phase Pilot

also find inequalities by gender favouring girls for age 11 teacher assessments, however this analysis

was only completed for schools in Pilot Group 1 (Davies et al., 2013).

Panel A in Table 2.4 shows the main results for male and female pupils separately. For these

estimates, potential outcomes are imputed for the treated group in the absence of treatment using data

on untreated units in the full sample, as in Table 2.3, to retain the statistical power and reliability of the

estimates. The ATT is then estimated as the average difference between the predicted and observed

outcomes across all treated pupils of the given gender, with standard errors clustered at the school

level.

The results remain insignificant for both groups, meaning that we have insufficient evidence to

conclude that any of the effects are different from zero in the population. However, considering the

point estimates alone, the effects do appear to be in line with the previous evaluations and existing

literature as they are tentatively more positive for girls than for boys. This is primarily apparent

for outcomes at age 16, where the point estimates in columns 3 and 4 suggest that male pupils who

attended Foundation Phase Pilot schools at are on average less likely to achieve five passes in their

school leaving examinations (GCSEs) and more likely to be excluded from school than their male
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Table 2.4 Heterogeneous results
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Panel A:
Male
Treatment Effect (ATT) 0.012 -0.018 -0.017 0.007 -0.014

(0.013) (0.036) (0.015) (0.008) (0.023)

Mean 0.800 -0.000 0.633 0.052 0.371
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 120871 120871 85006 100850 100081

Female
Treatment Effect (ATT) 0.016 -0.020 0.011 -0.004 -0.021

(0.012) (0.032) (0.020) (0.006) (0.016)

Mean 0.863 0.041 0.749 0.022 0.448
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 115835 115835 82184 97361 96853
Panel B:
Free School Meals
Treatment Effect (ATT) 0.034* -0.054 0.022 0.003 0.001

(0.020) (0.056) (0.026) (0.013) (0.026)

Mean 0.677 -0.433 0.407 0.076 0.221
Proportion treated 0.081 0.081 0.078 0.077 0.078

N 43201 43201 24816 29679 29501

Non-Free School Meals
Treatment Effect (ATT) 0.006 -0.006 -0.023 0.002 -0.021

(0.010) (0.031) (0.016) (0.006) (0.019)

Mean 0.865 0.121 0.739 0.030 0.442
Proportion treated 0.041 0.041 0.043 0.043 0.043

N 193505 193505 142374 168532 167433
Panel C:
Pilot Group 1a
Treatment Effect (ATT) -0.012 -0.082* -0.050** 0.007 0.004

(0.021) (0.042) (0.022) (0.010) (0.036)

Mean 0.834 0.027 0.696 0.036 0.412
Proportion treated 0.010 0.010 0.010 0.010 0.010

N 227432 227432 160732 190547 189312

Pilot Group 1b
Treatment Effect (ATT) 0.014 0.020 0.022 -0.006 -0.047*

(0.023) (0.072) (0.030) (0.013) (0.022)

Mean 0.834 0.027 0.696 0.036 0.414
Proportion treated 0.009 0.009 0.009 0.009 0.009

N 227335 227335 160682 190482 189247

Pilot Group 2
Treatment Effect (ATT) 0.037** 0.012 -0.000 0.002 -0.014

(0.017) (0.047) (0.020) (0.010) (0.020)

Mean 0.831 0.021 0.691 0.037 0.409
Proportion treated 0.031 0.031 0.030 0.030 0.030

N 232465 232465 164168 194630 193373

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Free school meal (FSM) eligibility observed at the year of measurement. Estimates from equation (2.1) using the estimator proposed by Borusyak et al.
(2024), using the full sample. Controls (focal characteristic excluded): gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six, free
school meal eligibility at the age of measurement, free school meal eligibility at the age of measurement interacted with Pupil Deprivation Grant funding,
Primary school fixed effects, year fixed effects. Standard errors in parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%;
*** significant at 1%.
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peers who instead received formal schooling between ages five and seven, while the point estimates

for the same outcomes for girls are positive and negative respectively.

I next explore how the effects of the Foundation Phase Pilot differ according to the socioeconomic

status of the pupil. Many existing evaluations of early childhood education and care provision find more

positive effects of preschool attendance between ages three to six for more economically disadvantaged

families, most likely due to income-based differences in the nature of the counterfactual mode of care

(Duncan et al., 2023). However there remains a lack of evidence about whether, in cases of universal

provision, a formal or a play-based pedagogy in the early years is likely to benefit disadvantaged pupils

more. On the one hand, it is possible that the Foundation Phase’s child-centered approach enables

disadvantaged pupils to strengthen foundational skills such as self-regulation and oracy, which in turn

enhances their capacity to benefit from more formal instruction in later years. On the other hand,

disadvantaged pupils may respond positively to the structured emphasis on literacy and numeracy

within the (counterfactual) formal curriculum, potentially helping to mitigate skill gaps already present

at the start of schooling.

Similarly to previous evaluations, in this research I use eligibility for free school meals (FSM)

as a proxy for socioeconomic status. Panel B in Table 2.4 shows separate results for FSM and non-

FSM pupils at the age of the outcome measurement, calculated using the full sample. Again, the

results are largely insignificant for both groups. One exception, though only marginally significant

at the 10% level, is in column 1. This indicates that pupils attending Pilot schools at age six who

were eligible for free school meals at age 11 were 3.4 percentage points more likely to achieve the

Core Subject Indicator at age 11 compared to their FSM-eligible peers who instead received formal

education between ages five and seven. In addition, this more positive effect in academic attainment

for FSM-eligible pupils is largely retained, though not statistically significantly so, in the age 16

outcomes; here, the point estimates in columns 3 and 5 suggest that FSM-eligible pupils who attended

Foundation Phase Pilot schools at are on average more likely to achieve five passes in their school

leaving examinations (GCSEs) and more likely to enrol in the academic track for post-16 education

(sixth form) than their FSM-eligible peers who instead received formal schooling between ages five

and seven, while the point estimates for the same outcomes for non-FSM-eligible pupils are negative.

As previous evaluations of the Foundation Phase found no effect on academic attainment at age 11
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by FSM eligibility (Davies et al., 2013), it could be that the broadly favourable effect(s) found here

are driven by the Pilot Group 2 schools which were not included in the previous evaluation due to the

early timing of its completion.39 Separate analyses by Pilot group are the focus of the next section.

Main results by Pilot group

Finally I present, in Panel C of Table 2.4, separate results by Pilot group. As previously stated, care

should be taken when interpreting these results as the number of clusters of schools included for

each estimate is considerably reduced meaning that the estimations suffer from limited statistical

power. Overall, in no case is a statistically significant positive (negative) effect off-set by a statistically

significant negative (positive) effect across the Pilot groups. However the results do indicate some

variation in effects. Pupils attending schools in Pilot Group 1a are found to have 0.082 standard

deviations lower attendance at age 11 compared to their peers who received formal schooling between

ages five and seven, and 5 percentage points lower likelihood of achieving five GCSE passes, which

is a very large effect. Meanwhile pupils attending schools in Pilot Group 2 are found to have a 3.7

percentage point increased likelihood of achieving the Core Subject Indicator at age 11, and those in

Pilot Group 1b a 4.7 percentage point lower likelihood of attending sixth form. Collating information

from both significant and insignificant point estimates, the results provide suggestive evidence that

Pilot Group 1a had more negative effects across most outcomes and Pilot Groups 1b and 2 more

positive effects, especially at age 11. It is possible that this is due to the Pilot Groups 1b and 2

benefitting from greater and improved training compared to Pilot Group 1.40

2.6 Discussion and conclusion

This paper examines the Foundation Phase Pilot in Wales to explore the effect of extended play-based

learning for children aged five to seven on children’s later cognitive and noncognitive outcomes.

39In their previous evaluation, Davies et al. (2015) also found evidence of negative effects of the Foundation Phase Pilot
on persistent absenteeism for more deprived groups, when using all Pilot groups in the evaluation. This finding is echoed
in column 2 of Panel B. While again statistically insignificant, here the point estimate suggests that pupils attending Pilot
schools at age six who were eligible for free school meals (FSM) at age 11 have lower standardised attendance rates at age
11 than their FSM-eligible peers who instead received more formal education.

40While Davies et al. (2013) do find tentative positive effects on age 11 attainment among Group 1, this is likely to be as
a result of combining what in this study are referred to as Group 1a and Group 1b.
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In doing so, this paper responds to a growing need for evidence about how different curricula and

pedagogies in the early years impact children’s development in the long-term. It also responds to calls

to evaluate the long-run effects of this particular policy in Wales, which previously was only evaluated

up to age 11 and which was later rolled out nation-wide (Power et al., 2019). It is worth repeating that

this paper is only able to explore outcomes available in existing administrative datasets, which may

not represent the full set of outcomes that educational practitioners and policy-makers are interested

in when implementing policies of this kind. In addition, as the Foundation Phase schools were not

randomly selected, the results in this paper may not be the same as the results that we might expect for

the universe of schools in Wales. Moreover, as the policy which I evaluate was only the Pilot stage

during the years evaluated, the provision may not have been similar to, or of the same quality as, when

the national roll-out commenced.

Based on education and health administrative data for the universe of pupils in Wales born between

1998 and 2004, I find that the Foundation Phase Pilot had no measurable effects on pupils’ school-

related outcomes and behaviours at ages 11 and 16. This finding is in line with the null effects

found by other studies evaluating the long-term effects of a play-based and child-centered curriculum

and pedagogy for early childhood education when compared to other (more formal) pedagogical

approaches (Biroli et al., 2018). The null effects also constitute a valuable contribution as they indicate

that, on average, pupils who received two fewer years of direct instruction between ages five and seven

still had similar outcomes to their peers in later academic attainment and progression, as well as in

behavioural outcomes such as school attendance and exclusions.

There are a number of possible reasons that I find no measurable effects of the Foundation Phase

Pilot at ages 11 or 16. First, it is possible that measurable short-term impacts did occur but had already

‘faded out’ by the time the children reached age 11. According to the existing evidence, this seems

particularly likely if those measurable impacts are cognitive; Li et al. (2020), for example, find that

cognitive effect sizes of targeted preschool programs in the US drop roughly in half in one to two years.

As an earlier evaluation of the Foundation Phase found tentative evidence of negative contemporaneous

effects on pupil attainment (Taylor et al., 2015a) – albeit using a very small sample of pupils from

Pilot Group 1 – it is possible that Foundation Phase pupils ‘caught up’ by the time they reached age 11

and had experienced four additional years of formal schooling. If so, we would conclude that these
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cognitive skills are not time-sensitive at this age (Dietrichson et al., 2020), and that children may be

best served by developing other skills during these crucial years. Relatedly, it is possible, then, that the

Foundation Phase Pilot pupils developed other, time-sensitive skills during these years which are not

possible for me to evaluate using the administrative data currently available, such as positive attitudes

towards learning, socioemotional skills or creativity. Indeed, in general, effects of early education on

noncognitive skills such as these are found to be more persistent than effects on test scores (Chetty

et al., 2011; Cornelissen and Dustmann, 2019; Heckman et al., 2010).

It is also possible that measurable effects of the Foundation Phase Pilot were obscured or coun-

teracted by factors related to its implementation or behavioural responses by parents. One way that

this could have happened is if the Foundation Phase would have had positive or negative effects if

implemented accurately, but these impacts were biased towards zero because the actual provision

tended towards the pre-exiting norm, in this case formal schooling. As highlighted by Conti and Gupta

(2024), rushed implementation of early childhood education provision can result in negative effects of

an otherwise successful policy due to the low quality of facilities or staff training. The results presented

here may tentatively support a similar narrative, as effects are broadly more positive for Pilot Group 2

who had training materials not available for Pilot Group 1 (Siraj-Blatchford et al., 2005).41 Another

way that the effects of the Foundation Phase Pilot may have been obscured or counteracted by factors

related to its implementation is if the policy actually had negative effects, but these are compensated by

the additional resources and increased pupil-teacher ratios that accompanied the change in curriculum

and pedagogy. However it is worth noting that evidence on the effects of class size reductions on

student achievement is mixed (Hanushek, 2020). Finally, parental investments during early childhood

have been found to impact children’s cognitive (Macmillan and Tominey, 2023) and non-cognitive

(Moroni et al., 2019) skill accumulation, and parents have been found to change their investments

in response to the perceived quality of schooling provision (Gelber and Isen, 2013; Gonzalez, 2020;

Greaves et al., 2023). It is therefore possible that the parents of Pilot school pupils may have provided

supplementary academic instruction at home as compensation for any perceived deficiencies arising

from a less formal curriculum, and therein reduced or bolstered the size of any (test score) effects.

41Indeed, evaluating the full roll-out of the Foundation Phase, Waldron et al. (2014) observe variation in the degree
of implementation of the Foundation Phase in schools and classrooms, but not differ according to any observable
characteristics of the schools.
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As more countries look to expand high-quality childcare and invest in early years education, it is

important to identify the skills and capacities that are time-sensitive in the early years of life. Further

research is needed regarding what these skills are, the pedagogical approaches in early childhood

through which they are best developed, and in what contexts these pedagogical approaches are most

effective. Regarding the latter two questions, the evidence in this paper provides no strong case

for or against either play-based or formal education for children between ages five and seven. If

policy-makers are willing to assume that a more play-based pedagogy better develops time-sensitive

skills that will serve children in their later lives compared to more formal schooling, then the evidence

provided here suggests that pupils may develop both these skills and, by age 11, reach the same level

of measurable, school-related outcomes that they would had they received more formal schooling.

Nonetheless, the additional resources and training required to ensure that a more play-based pedagogy

remains of the highest quality should also be bourne in mind when considering such policy decisions.



3
Sibling Spillover Effects in Non-Cognitive

Skills: Evidence from Conduct and Attendance
at School

3.1 Introduction

Many studies highlight the importance of non-cognitive skills – such as personality traits and emotional

regulation, for example – both for the development of cognitive skills and as a direct influence on later

life outcomes including marriage status, earnings and criminal activity (Heckman and Kautz, 2012;

Heckman et al., 2006). Nonetheless, our understanding of how factors such as genetic background,

family inputs and school environments combine to shape non-cognitive skills over the lifecourse

remains limited (Deming, 2022). Existing research indicates that the family environment plays a

particularly significant role in the development of non-cognitive skills (Borghans et al., 2008; Cunha

and Heckman, 2008), and that these skills retain their malleability for longer than cognitive skills and

likely into adolescence (Almlund et al., 2011; Cunha and Heckman, 2007; Kautz and Zanoni, 2024).

Therefore, as children age and gain more independence from parental influence, we may expect sibling

relationships to be an increasingly important determinant of non-cognitive outcomes. This might occur,

for example, if an older sibling serves as role model for particular behaviours, shares information, or

directly teaches the younger sibling (Nicoletti and Rabe, 2019). Yet, causally identifying the role of

sibling relationships for young people’s non-cognitive skill development is challenging and evidence

consequently scarce.
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This paper explores sibling spillover effects in non-cognitive skills. In particular, we examine

whether an older sibling’s school misbehaviour in grades 8-10 (at ages 12-15) causes an increase

in the younger sibling’s likelihood to misbehave in the same grade. We measure misbehaviour

using temporary exclusions (suspensions) and unauthorised absences as recorded in administrative

data covering all state school pupils in England between 2007 and 2019. In England, absences and

exclusions are recorded by law, and we are able to distinguish across different types of absences

(authorised and unauthorised) and reasons for exclusions, allowing us to investigate the types of

behavioural issues that are transmitted between siblings.

There is considerable diversity in how non-cognitive skills are defined and measured in the literature.

Non-cognitive skills are understood to include factors such as personality traits, interpersonal skills,

motivations, preferences and emotional regulation (Almlund et al., 2011; Heckman and Kautz, 2012;

Papageorge et al., 2019), all of which are commonly measured using survey data. Shortcomings of

such survey-based measures include reference bias from the respondent,1 use of taxonomies of task

performance without standardising for incentives or adjusting for levels in other domains (Borghans

et al., 2008; Heckman and Kautz, 2012), and small and/or selected samples of the population. We

avoid these problems inherent in survey-based measures of non-cognitive skills by following a recent

literature which instead uses observable behaviours as skill measures (Jackson, 2018; Kautz and

Zanoni, 2024; Petek and Pope, 2023). Observable behaviours such as school attendance and on-

time graduation have been shown to be good predictors of earnings, college completion and job

stability in later life (Heckman and Rubinstein, 2001). We use two observable behaviours available in

administrative data: temporary exclusions (suspensions) and unauthorised absences from school.

To identify a causal sibling spillover effect in our observable behaviours, we must address three

main identification issues emphasized in the literature on peer effects (Manski, 1993; Moffitt, 2001):

reflection (simultaneity), endogenous peer group membership, and correlated omitted variables.

Reflection is less of a concern in our setting because we focus on same-grade spillovers where the

older sibling’s behaviour is observed prior to the younger sibling’s, ruling out reverse causality.

Likewise, endogenous peer group membership is minimal since siblings cannot choose one another.

The more pressing threat to identification are correlated omitted variables, whereby unobserved family

1This can be through self-reporting (Heckman and Rubinstein, 2001), reporting on peers (Heckman and Kautz, 2012),
or reporting on one’s child (Del Bono et al., 2024).
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or environmental factors could influence both siblings and thus generate spurious correlations between

their behaviours.

We clean the same-grade sibling associations in temporary exclusions and unauthorised absences

of correlated factors by controlling for a number of individual and sibship characteristics, as well

as year and grade fixed effects. These controls help to account for observable differences across

individuals and families, and unobservable cohort differences. However, any remaining association

between siblings’ behaviours may still reflect shared unobserved characteristics – such as genetic

endowments, parenting styles, or neighbourhood effects – rather than a causal effect.

To further account for the potential endogeneity of correlated omitted variables, we then instrument

the older sibling’s misbehaviour using the average misbehaviour of their school peers. We focus on

peers who share the same school, grade, year, gender and prior attainment tercile as the older sibling.

This focuses the definition of the peer group on pupils with whom the sibling shares the greatest

number of observable characteristics (homogeneous peers), which captures those with whom they are

most likely to interact with regularly and be grouped with in England’s typically attainment-based

classes. However, the validity of the instrument may not hold if there are school-level unobservable

characteristics that are common between both siblings going to the same school. We therefore combine

the instrumental variable estimation with an estimation akin to a fixed effects strategy using the

misbehaviour of similar pupils (the homogenous peers) in the three closest consecutive cohorts. In

effect, this washes out the average misbehaviour in the relevant comparison group and exploits, for

identification, only idiosyncratic variation in the misbehaviour of the older siblings’ own homogenous

school peers compared to the homogeneous peers in nearby years. Exploiting quasi-random variation

in peer groups within and across school cohorts is similar to the identification strategies used by Lavy

et al. (2012) and Nicoletti and Rabe (2019).

Based on administrative data covering all state school pupils in England between 2007 and 2019,

we find evidence of spillover effects in exclusions and absences between siblings when they are in the

same grade, including in the reason for exclusion. The results from our main empirical specification

show that one additional half-day exclusion in an older sibling increases exclusions in the younger

sibling by around 0.1 half-days, equivalent to an effect size of 0.04 standard deviations. One additional

half-day of absence in an older sibling increases absences in the younger sibling by around 0.4 half-
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days, equivalent to an effect size of 0.03 standard deviations. Heterogeneity analysis reveals generally

larger spillover effects for siblings who are closer in age but relatively comparable effects across

different gender pairings. Pupils who are economically disadvantaged (ever eligible for free school

meals) also have slightly larger spillover effects than their more advantaged peers, suggesting that we

may underestimate the positive impact on inequalities of interventions that successfully improve the

non-cognitive skills of disadvantaged pupils who are also older siblings. Though we are unable to

fully disentangle the mechanisms of our spillover effects, the fact that we find larger sibling spillover

effects for siblings who are excluded for the same reason and for siblings who are closer in age makes

role modelling a convincing explanation of our results.

We contribute to the literature on the production of non-cognitive skills. Much of the existing

research is focused on modelling the production of non-cognitive skills within dynamic skill formation

frameworks (Cunha and Heckman, 2007, 2008; Cunha et al., 2010). In general, this literature finds that,

compared to cognitive skills, family and parental inputs are more effective at raising non-cognitive

skills, and do so at later ages. More recent studies have used experimental and quasi-experimental

designs to identify the causal effects of interventions on non-cognitive skill development (Alan et al.,

2021; Attanasio et al., 2020; Heckman et al., 2013; Kautz and Zanoni, 2024; Sorrenti et al., 2025).

Syntheses of such evidence consistently conclude that, while non-cognitive skills are somewhat stable

over the lifecourse, they can also be improved through targeted programs (Almlund et al., 2011;

Borghans et al., 2008; Kautz et al., 2014). However, the vast majority of empirical research on non-

cognitive skill formation has focused on school-based inputs and interventions, most likely reflecting

both the accessibility of data and the policy relevance of the findings (Heckman et al., 2006; Jackson,

2018; Petek and Pope, 2023). By comparison, family inputs remain less studied, and especially at ages

beyond the early years (Kautz et al., 2014).2 We contribute to this literature by providing evidence of

one mechanism by which family inputs contribute to the formation of non-cognitive skills, namely

through spillovers between siblings.

We also contribute to a growing literature on sibling spillover effects. A number of studies have

documented positive spillover effects from older-to-younger siblings in test scores (Landersø et al.,

2One exception is Moroni et al. (2019), who examine the role of parental inputs in the socio-emotional skill formation
for children aged six to 11. They find evidence of complementarity between parental inputs and early socio-emotional
skills in enriched environments, and substitutability in stressful environments.
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2020; Nicoletti and Rabe, 2019), as well as spillover effects in education- and career-related choices

such as school choice (Dustan, 2018), high-school track choice (Joensen and Nielsen, 2018), course

choice (Gurantz et al., 2020), college choice (Altmejd et al., 2021), decisions to serve in the military

(Bingley et al., 2021), for fathers to take parental leave (Dahl et al., 2014), and for mothers’ labour

supply (Nicoletti et al., 2018). However there is comparatively little existing research on sibling

spillover effects in non-cognitive skills and behaviours. One exception is Altonji et al. (2017), who

find that smoking, drinking, and cannabis use by an older sibling modestly increases the probability

that a younger sibling engages in the same type of behaviour. Another exception is Anand and Kahn

(2023), who find that individuals who have experienced a sibling or friend’s teen pregnancy have

a decreased likelihood of having unprotected sex and have fewer sexual partners. We contribute to

this literature by investigating sibling spillover effects in a two previously unexamined outcomes:

temporary exclusions and unauthorised absences.

Finally, we also contribute to the literature examining spillover effects in school-related behaviours

among peer groups, much of which is based on the US context. One strand of this literature exploits

individuals’ exogenous exposure to badly behaved or ‘crime-prone’ schoolmates through school

allocation or re-location procedures, identifying negative spillover effects in disciplinary problems,

absenteeism, and criminal involvement (Deming, 2011; Imberman et al., 2012). A second strand

uses the characteristics of peer groups as an instrument for their behaviour. For example Carrell and

Hoekstra (2010) find that children exposed to domestic violence decrease their peers’ test scores and

increase misbehavior, while Gaviria and Raphael (2001) find strong evidence of peer effects in drug

use, alcohol drinking, cigarette smoking, church going, and dropping out of school, using variation in

peers’ personal and family background characteristics. However a few recent papers have found novel

ways to identify behavioural spillovers more directly; Bennett and Bergman (2021) use fine-grained

attendance data to identify peer networks based on pupils who systematically miss classes together and

find evidence of significant attendance spillovers along these networks using a randomised behavioural

intervention, while Lenard and Silliman (2025) leverage idiosyncratic changes in school bus peer

groups in the US and find larger spillover effects in behaviours (absences, lateness, and short-term

suspensions) compared to academic outcomes. We add to this literature by implementing a different
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methodology which exploits deviations in the behaviour of the peer group with whom the older sibling

is most likely to interact.

Our second motivation is to inform the design and evaluation of education and social policies.

If an older sibling’s misbehaviour causally influences that of their younger siblings, this may partly

explain persistent inequalities in both behaviour-related sanctions and educational outcomes between

social groups. Our results indicate that the misbehaviour of an older sibling propagates through

their family network such that the challenges faced disproportionately by disadvataged pupils can

have knock-on effects among their younger siblings. At the same time, our results also indicate that

the effects of policies designed to reduce misbehaviours and improve non-cognitive skills can be

compounding. Mentoring, social and emotional learning, and other school-based interventions which

are effective in tackling school misbehaviour and nonattendance are likely to have larger effects than

those typically measured in studies that only focus on treated pupils because such policies are likely to

indirectly benefit younger siblings too. Parental or public investments into the non-cognitive skills of

older siblings can therefore have multiplier effects, and these externalities should be factored in to

estimations of the aggregate benefits of such policies and interventions.

The rest of this paper is structured as follows. Section 3.2 provides an overview of schooling in

England, including trends in school temporary exclusions and unauthorised absences. Section 3.3 then

describes the data used and provides descriptive evidence about sibling correlations in behaviours.

Section 3.4 describes the empirical strategy. Results are found in Section 3.5, including robustness

checks and heterogeneous effects. Section 3.6 concludes.

3.2 Education, school discipline and school attendance in England

3.2.1 The English education system

In England, full-time education is compulsory for all children between ages five and 16. There is no

grade retention, and in the vast majority of cases pupils attend two schools: Primary school from ages

five to 11, and Secondary school from ages 11 to 16.
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School discipline

Schools in England have autonomy to set their own behavior policies within government guidelines.

Behaviour policies are typically strict and emphasise discipline, punctuality, and uniform compli-

ance. They are enforced through a range of disciplinary measures including behavior point systems,

detentions, isolation rooms during lesson time, temporary exclusions (suspensions) and permanent

exclusions. This paper focuses on exclusions, as they are one of the few sanctions that schools are

legally required to report in an annual school census.3 Other disciplinary measures are not observed in

administrative data.

When deciding whether to temporarily exclude a pupil, schools are likely to consider trade-offs:

the excluded pupil will learn less during their exclusion, but their peers may learn more in their absence

(Pope and Zuo, 2023). Exclusions may also serve as a deterrent, or be motivated by safety concerns.

Only the head teacher (principal) of a school can exclude a pupil and this must be on disciplinary

grounds, with permitted reasons including physical or verbal assault against a pupil or adult, damage,

theft, and bullying (Department for Education, 2022, and see Appendix Table C.1 for a complete list).

Schools are permitted to exclude pupils either permanently or for a temporary period, which can be

up to a maximum of 45 school days in a single academic year.4 Permanent exclusions are rare, ever

affecting around 0.05% of pupils in mainstream schools. This paper therefore focuses on temporary

exclusions, which are experienced by around 11% of pupils in mainstream schools at least once during

Secondary school.5

3Although exclusions are quite an extreme measure of behaviour at school, compared to less extreme measures they are
also less likely to be subject to measurement error (schools are obliged by law to report exclusions), or to variations in the
behaviour management strategies of particular classroom teachers (instead, head teachers (principals) decide whether to
exclude a pupil according to pre-determined guidance).

4In cases where a temporary exclusion would bring the pupil’s total number of school sessions out of school to more
than 30 (15 days) in an academic term – or between 10 (5 days) and 30 (15 days) if parents make representations – then a
school’s governing body is obliged consider whether the suspended pupil should be reinstated.

5Non-mainstream schools, which constitute 1.42% of our data, include special schools, hospital schools, and pupil
referral units. Additionally we do not include City Technology Colleges in this figure as these are not required to report
exclusions under the same guidance as other, mainstream schools. These figures are for pupil cohorts completing their
GCSE exams in 2017, 2018 and 2019.
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School attendance

The academic year in England runs from the beginning of September to mid-July. Each day is divided

into two sessions – one in the morning and one in the afternoon – and schools must open for 380

sessions (190 days) in each academic year.

Attendance registers are taken twice a day, at the start of the morning and afternoon sessions.

Where a pupil is absent, the school must record whether their absence is authorised or unauthorised.

Authorised absences include those for reasons including illness, medical appointments, or observing

religious festivals. Unauthorised absences include all unexplained or unjustified absences, truancy,

and late arrival after registration has closed (usually 30 minutes after the start of the session). These

absences can lead to lower-level sanctions such as detentions. Schools also routinely follow-up with

families to establish the reason for an absence, and may require parents to attend support services,

to pay a fine, or to face court proceedings.6 Approximately 75% of pupils receive an unauthorised

absence at some point during their Secondary schooling.7

3.2.2 Exclusions and absences in England

In England, there are pronounced disparities in exclusions and absences across pupil groups (see

Appendix Table C.2). On average, pupils miss 0.2 sessions per year due to temporary exclusions and 3

sessions due to unauthorised absences. Boys experience nearly three times as many sessions due to

exclusions as girls, though rates of absence are similar. Pupils with Special Educational Needs, those

from Black and Gypsy, Roma and Traveller backgrounds, and those from more deprived households

miss substantially more sessions than their peers in both measures. These disparities are concerning as

they are likely to exacerbate existing educational inequalities and may undermine the effectiveness of

broader investments in education.

Figures 3.1 and 3.2 show the trends in the mean number of exclusion and absence sessions in

England between 2007 and 2019 separately for pupils who are ever and never eligible for free school

6Fines are between £80 and £160. If a pupil is absent three or more times within three years then their parents or carers
may be taken to court.

7This figure is for pupil cohorts completing their GCSE exams in 2017, 2018 and 2019.
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Figure 3.1 Line graph showing mean exclusion sessions by year and eligibility for free school meals, 2007 -
2019
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Notes: National Pupil Database, 2007 - 2019. Unrestricted sample, all grades. Temporary exclusions only.
Sample size: 73,952,708.

meals, a commonly-used proxy for economic disadvantage.8 Figure 3.1 shows that exclusion sessions

have been increasing since 2014, following a period of decline, and that the rate of increase has been

higher among more economically disadvantaged pupils. Figure 3.2 shows that the same is true of

absences.

Finally, exclusions and absences occur more frequently in some school grades compared to others.

Figure 3.3 shows the mean exclusion and absence sessions, based on data for 2007-2019, separately

by school grade. (Note that there are separate y-axes for each outcome, and that mean sessions for

absences are around ten times higher than for exclusions.) Mean exclusion sessions (left y-axis)

increase substantially from Grade 7, when pupils begin Secondary schooling, and peak in Grade 10

when pupils are aged 14. Mean absence sessions (right y-axis) decrease slightly through primary

schooling until Grade 6, and increase rapidly thereafter. In this paper we focus on exclusions and

absences in grades 8, 9 and 10, the grades when exclusions are most prevalent. Grade 11 is the

grade in which pupils sit high-stakes national exams (GCSEs), and when factors such as leaving

8Throughout this paper, we use a year to refer to the year of the January of the academic year. For example, 2007 refers
to the academic year 2006/07.
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Figure 3.2 Line graph showing mean absence sessions by year and eligibility for free school meals, 2007 - 2019
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Notes: National Pupil Database, 2007 - 2019. Unrestricted sample, all grades. Unauthorised absences only.
Sample size: 73,952,708.

school following the exams and being granted discretionary study leave make measurement of school

absences (and, to a lesser extent, exclusions) less reliable.

Figure 3.3 Exclusion and absence sessions by grade

0

2

4

6

U
na

ut
ho

ris
ed

 A
bs

en
ce

s (
Se

ss
io

ns
)

0.0

0.2

0.4

0.6

Ex
cl

us
io

ns
 (S

es
si

on
s)

1 2 3 4 5 6 7 8 9 10 11
School Grade

Exclusions Unauthorised Absences

Mean Exclusions and Unauthorised Absences by Grade
 

Notes: National Pupil Database, 2007 - 2019 (combined). Exclusions are temporary exclusions only.
Absences are unauthorised absences only. Unrestricted sample. Sample size: 73,952,708.



83

3.3 Data and descriptive statistics

3.3.1 Data

For this analysis we use the National Pupil Database (NPD), an administrative dataset collected by

the Department for Education in England. All government-funded schools in England are required to

submit these data by law, meaning that the data covers 93% of pupils in England and is highly accurate

and complete.9 Data are reported for every pupil for each year that they are educated in schools, and

data tables can be linked to each other and across the years using an anonymous pupil identifier. We

focus on the years 2007 to 2019, which are the years for which consistent data on exclusions and

attendance are available.

Outcomes and observed background

We use NPD data to construct our main dependent and independent variables on exclusions and

absences. For exclusions, we focus on temporary exclusions (suspensions), which account for the

vast majority of incidents (97.78%).10 Each exclusion includes a school-submitted reason, which

we categorise into physical, verbal, disruptive behaviour, illicit, and other (see Appendix Table C.1

for a more detailed overview of these categorisations). In this analysis, we focus on the intensive

margin, and therefore collate the number of sessions for which a pupil is temporarily excluded during

the academic year of focus. For absences, we follow a similar approach, and collate the number of

unauthorised absences a pupil receives per academic year. Using unauthorised absences ensures that

absences for reasons such as illness and medical appointments are not included in the measure.11

The NPD also provides rich information on pupil and family background. We use indicators for

gender, ethnicity, month and year of birth, whether the pupil speaks English as their first language

97% of pupils in England are educated in private schools, which are not government-funded and not required to submit
data for inclusion in the National Pupil Database.

10Permanent exclusions are very rare (ever affecting around 0.05% of pupils) and therefore too extreme a margin of
behaviour to be relevant population-wide. We also retain lunchtime exclusions, which mean that a pupil is forbidden to
mix with their peers during unstructured lunchtime breaks. However these are relatively rare, accounting for 0.43% of the
total exclusion incidents that we observe. Permanent exclusions account for 1.79%, and temporary exclusions 97.78%.

11There may be some measurement error in our unauthorised absences variable as some absences can be assigned
‘unauthorised’ when no reason is yet assigned, however the proportion is relatively small: in 2010, of the 17% of absences
which were unauthorised, just 3% were due to having no reason yet assigned (Department for Education, 2011).
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(EAL), and school type.12 Economic disadvantage is proxied by whether a pupil is ever eligible

for free school meals (FSM) during their years of schooling between 2006 and 2019, and special

educational needs (SEN) status is defined similarly. In robustness checks, we also incorporate the

Income Deprivation Affecting Children Index (IDACI), a neighbourhood-level measure of resource

deprivation.

Sibling definition

The NPD contains a family group identifier, which identifies pupils in government-funded schools

between ages four and 16 and who are living together at the same address. Step- and half-siblings are

therefore identified if they live at the same address, and are indistinguishable from biological siblings

(Nicoletti and Rabe, 2013, 2019). The family group identifier is available for just three years: 2008,

2013 and 2016. We use a ‘nearest year’ method to identify siblings in every year of our panel.13

Peer definition

As we will discuss in the next section, our identification strategy relies on idiosyncratic variation in the

behaviour of a siblings’ homogenous (similar) peers, with whom they are most likely to interact. Pupil

groupings in English secondary schools tend to be highly structured; pupils attend lessons only with

those in the same school and grade, and are often grouped by prior academic attainment, particularly in

earlier Secondary years. These groupings, as well as an inclination to associate with peers of the same

gender, tend to determine a pupil’s friendship group. Indeed, in a survey of over 3,000 adolescents in

England, Burgess et al. (2011) find that 82% of stated friends attended the same school, 78% were

of the same gender, and that friends are strongly similar in academic performance and behaviour,

though less so in socio-economic status.14 In line with this evidence in support of the assumption

12Local authority schools include all schools funded by the local authority. Academies are funded centrally and have
more freedoms compared to local authority schools, and are similar to charter schools in the US. We observe three types of
academy: sponsored academies, which are usually previously low-performing schools; converter academies, which have
opted to convert to academy status; and free schools, which are new academy schools set up by parents and local groups.

13The ‘nearest year’ method entails using each group identifier for years following the identifier year (not leading up to),
to ensure that older siblings who are older than 16, and therefore may no longer be in the NPD in the identifier year, are
correctly identified. Specifically, we use the 2008 identifier for cohorts who are in Grade 8 between 2010 and 2012, the
2013 identifier for those who are in Grade 8 between 2013 and 2016, and the 2016 identifier for those who are in Grade 8
in 2017 and 2018.

14Similarly, Bennett and Bergman (2021), using US data, finds strong homophily in truancy networks, particularly by
gender and academic achievement.
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of homophily in adolescent networks, we define a sibling’s peer group as those in the same school,

grade, gender, and prior attainment group as the sibling. We delineate prior attainment groups based

on national test scores at age 11, with pupils assigned to within-school attainment terciles.15 We

then construct peer behaviour measures as the take-one-out mean number of sessions missed due to

temporary exclusions or unauthorised absences for each homogeneous peer group in the academic

year of interest.

Sample restrictions

The initial sample for our analysis includes all siblings attending mainstream schools in England

between 2007 and 2019.16 We restrict the sample to pupils for whom we observe age 11 (Grade 6)

test scores, time-invariant demographics, and both absences and exclusions outcomes in at least one

of grades 8, 9 or 10 in academic years 2010 to 2018.17 As well as removing from the data all twins

and siblings attending the same academic year, we remove all siblings who are just one academic

year apart to ensure that three-year rolling average peer behaviour measures (which we will explain in

Section 3.4) do not include the other sibling’s behaviours.18 To avoid any multiplier spillover effects

we also retain only the eldest sibling pair per family group identifier and year. The resultant, initial

sample comprises 987,021 sibling pairs.

As our identification relies on a measure of change in peer group behavioural outcomes, we next

follow Lavy et al. (2012) and drop sibling pairs for whom either sibling attends a school that has a year-

on-year change of entry cohort size of more than 75% or enrollments below 30 pupils (3.88%).1920

We also restrict our sample to sibling pairs for whom we observe the three-year school-level rolling

15Especially in earlier grades of Secondary school, pupils are grouped according to their test scores at the end of Primary
school, at age 11. We therefore also use age 11 test scores to determine the prior attainment terciles.

16We drop pupils attending non-mainstream schools, which constitute 1.42% of our data. The non-mainstream schools
are special schools, hospital schools, pupil referral units, and City Technology Colleges as these are not required to report
exclusions under the same guidance as other, mainstream schools.

17Requiring Grade 6 test scores leaves us with 11 cohorts, with outcomes observed between 2009 and 2019. Then, as
we will explain in Section 3.4, a three-year rolling average peer behaviour measure is a crucial control variable in our
empirical strategy. As such, we do not include the cohorts at either end of this distribution as our focal pupils.

18As we are interested in sibling outcomes when siblings are in the same grade, this means that we observe older siblings
in the academic years 2010 to 2016, and younger siblings in the academic years 2012 to 2018.

19We note that Lavy et al. (2012) drop schools with enrollments below 15 pupils. However, as our peer measures are
within age 11 test score terciles and gender, we set a larger minimum cohort measure. 30 pupils is the approximate capacity
of one classroom in England.

20Table 3.6 in Section 3.5.2 results without these cohort restrictions and finds that they differ little from the main results
that we will present below.
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averages for peers in the same school cohort, age 11 attainment group, and of the same gender. This is

a more stringent restriction as it requires non-missing school-by-attainment-group-by-gender measures

of behaviour within the same school for three consecutive years, and it is intermittent in our data for

two reasons. First, during the observed years many Secondary schools converted to a more autonomous

school type (Academy), and in our data it is not possible to follow these schools across, or in the

years directly around, that conversion.21 Second, in 2010 a quarter of Primary schools boycotted

the age 11 attainment tests due to ideological differences regarding the nature of curriculum and

assessment. These missing test scores exclude a non-incidental number of pupils from the sample, and

also affect whether rolling averages can be constructed for the cohorts either side. For these reasons,

implementing this second restriction results is a reduction of the sample by 32.5% of sibling pairs. The

final sample comprises 1,142,734 observations by sibling pair and grade, including 627,959 unique

sibling pairs and 3,498 schools. Observation counts by year, grade and sibling type are provided in

Appendix Table C.3.

3.3.2 Descriptive statistics

Summary statistics

Table 3.1 contains summary statistics for the final sample. On average, 9.3% of younger siblings and

7.9% of older siblings experience least one temporary exclusion in grades 8, 9 or 10, while just below

half of pupils are ever absent without authorisation during these grades.22 Reasons for exclusion are

relatively balanced in proportion, with the most common reasons being verbal and physical abuse.

Individual characteristics are very balanced across younger and older siblings. This is as we would

expect given that siblings are likely to be largely biological and, by definition, living in the same

household, and gives us confidence that the sibling identifier is accurate. Older siblings have higher

prior attainment compared to younger siblings, which aligns with well-documented birth order effects

(e.g., De Haan, 2010). Regarding sibling pair characteristics, age gaps of two, three and four or more

21However, not observing these schools in the years directly around a conversion does have the benefit of ensuring more
consistency in the school’s use of behavioural sanctions; some school conversions are associated with considerably higher
rates of exclusions (Machin et al., 2020).

22Appendix Table C.4 additionally reports the mean values of the sessions excluded and sessions absent measures by
grade and sibling type, and Appendix Figure C.1 displays the distributions for younger siblings, which are our dependent
variables.
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Table 3.1 Summary statistics by sibling type
Younger sibling Older sibling
Mean Standard deviation Mean Standard deviation

pupils’ outcomes: extensive (grades 8, 9 & 10)
Ever excluded 0.093 0.291 0.079 0.269
Ever permanently excluded 0.002 0.047 0.001 0.035
Ever absent 0.499 0.500 0.473 0.499
Ever persistently absent 0.193 0.395 0.191 0.393
Ever excluded reason: Persistent disruptive behaviour 0.029 0.167 0.020 0.140
Ever excluded reason: Physical abuse 0.034 0.182 0.031 0.174
Ever excluded reason: Verbal abuse 0.036 0.187 0.030 0.171
Ever excluded reason: Illicit behaviour 0.015 0.121 0.014 0.116
Ever excluded reason: Other 0.031 0.173 0.024 0.152

pupils’ outcomes: intensive (grades 8, 9 & 10)
Exclusion sessions 0.049 0.170 0.038 0.144
Absence sessions 3.486 11.588 2.515 8.490
Exclusion reason: Persistent disruptive behaviour 0.117 1.274 0.068 0.838
Exclusion reason: Physical abuse 0.091 0.750 0.073 0.624
Exclusion reason: Verbal abuse 0.111 0.971 0.079 0.719
Exclusion reason: Illicit behaviour 0.038 0.441 0.032 0.390
Exclusion reason: Other 0.088 0.851 0.059 0.618

Invididual characteristics (may vary between siblings)
Female 0.496 0.500 0.495 0.500
Ever eligbile for Free School Meals 0.264 0.441 0.274 0.446
Ever diagnosed with Special Educational Needs 0.333 0.471 0.331 0.471
English as an Additional Language 0.115 0.319 0.126 0.332
Ethnicity: White British or Irish 0.770 0.421 0.770 0.421
Ethnicity: Pakistani or Bangladeshi 0.060 0.237 0.060 0.237
Ethnicity: Indian 0.024 0.154 0.024 0.154
Ethnicity: Other Asian or Mixed White and Asian 0.024 0.151 0.023 0.151
Ethnicity: Black African or Mixed White and Black African 0.034 0.181 0.034 0.181
Ethnicity: Black Caribbean or Mixed White and Black Caribbean 0.021 0.143 0.021 0.143
Ethnicity: Other Black 0.004 0.067 0.005 0.067
Ethnicity: Chinese 0.003 0.052 0.003 0.052
Ethnicity: Gypsy, Roma and Traveller 0.001 0.036 0.001 0.034
Ethnicity: Other Ethnic Group 0.049 0.216 0.051 0.220
Ethnicity: Unknown 0.010 0.101 0.008 0.091
Prior attainment: Low 0.321 0.467 0.292 0.455
Prior attainment: Medium 0.337 0.473 0.334 0.472
Prior attainment: High 0.342 0.474 0.374 0.484
Prior attainment (standardised) 0.048 0.970 0.114 0.971

Sibling characteristics (same for both siblings)
Age gap: 2 years 0.350 0.477
Age gap: 3 years 0.314 0.464
Age gap: 4+ years 0.335 0.472
Brothers 0.257 0.437
Younger brother, older sister 0.247 0.431
Younger sister, older brother 0.248 0.432
Sisters 0.247 0.432
Same prior attainment group 0.455 0.498
Same prior attainment group and gender 0.161 0.368
Pair observed for 1 year 0.022 0.148
Pair observed for 2 years 0.246 0.431
Pair observed for 3 years 0.731 0.443

No. of sibling pairs 627,959
No. of observations including pooled sibling pairs across years 1,142,734
No. of schools 3,498

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year, attending a mainstream
Secondary school, with no missing covariates, with at least a two year grade gap, and observed in grades 8, 9 or 10. Unless otherwise
stated, exclusions are temporary exclusions only. Absences are unauthorised absences only. One session is half a school day.

academic years account for approximately a third of the sample each, and sibling sex combinations

are relatively evenly balanced. Finally, while 45.5% of sibling pairs are in the same prior attainment

group, only 16.1% share both prior attainment group and gender.
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Sibling correlations in outcomes

Table 3.2 reports the sample Pearson correlation coefficients for exclusion and absence sessions in the

same grade between siblings, with the exclusion correlations estimated separately by reason in the

second panel. Overall there are weak positive correlations between siblings in exclusion and absence

sessions when siblings are the in the same grade. The correlation for absences is stronger (see Panel

A), most likely reflecting that it is a more common event. Panel B shows the correlations in exclusion

sessions by reason for exclusion. In general, there is a stronger association in exclusions for the same

reason between sibling pairs, than in exclusions for different reasons. These stronger associations

could be at least in part due to older siblings role modelling behaviours to younger siblings. The

exception is illicit behaviours, which include sexual misconduct, drug and alcohol related events,

damage, and theft, and have a low between-sibling correlation. This is interesting as exclusions due to

illicit behaviours are relatively rare, and may represent a more extreme form of undesirable choices

during adolescence. In the remainder of the paper, we address the important but empirically difficult

question of whether any part of these sibling correlations are indeed due to a causal effect of the older

sibling’s behaviour on the younger.

Table 3.2 Sibling same grade correlations in behaviours
Panel A: Overall

Sessions excluded 0.096
Sessions absent 0.291

Panel B: Sessions excluded by reason
Disruptive
(younger)

Physical
(younger)

Verbal
(younger)

Ilicit
(younger)

Other
(younger)

Disruptive (older) 0.084 0.029 0.036 0.012 0.020
Physical (older) 0.032 0.037 0.035 0.016 0.022

Verbal (older) 0.034 0.031 0.044 0.013 0.024
Illicit (older) 0.018 0.019 0.015 0.008 0.012
Other (older) 0.023 0.022 0.026 0.009 0.035

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year,
attending a mainstream Secondary school, with no missing covariates, with at least a two year grade gap, and
observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences are unauthorised absences
only. One session is half a school day.
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3.4 Empirical strategy

3.4.1 Identification of sibling spillover effects

To estimate the older-to-younger sibling spillover effect in temporary exclusions and unauthorised

absences during Secondary school, we begin by considering the following equation:

Y1,igst = β0 +β1Y2,igs′t′ +β2X1,i +β3X2,i +β4Pi +ωt +λg + ε1,igst (3.1)

where Y1,igst is the number of exclusion (or unauthorised absence) sessions of the younger sibling

of sibling pair i in grade g in school s in year t, Y2,igs′t′ is the corresponding number of sessions for

the older sibling observed in the same grade, in school s′ and time t′. In the following we refer to the

exclusion and absence sessions with the more generic term of misbehaviour. X1,i and X2,i are vectors

of individual characteristics of the younger and older sibling, respectively, including standardised prior

attainment in Grade 6 (age 11), FSM status, and EAL status. Pi is a vector of characteristics of the

sibling pair i, including the sex combination and age gap. ωt and λg are year and grade fixed effects

(for the younger sibling). ε1,igst is the idiosyncratic error term.

We estimate the sibling spillover effect on misbehaviour for siblings observed at the same grade

(g = 8, 9 or 10 (ages 12-15)), who are at least two school grades apart ((t′ − t) ≥ 2), and who may or

may not attend the same school. Observing siblings in the same grade is relevant for gauging whether

a younger sibling can be deemed to be ‘on the same track’ as an older sibling. Same-grade effects

also mean that correlations in siblings’ misbehaviours are less likely to be caused by shared family

year-specific shocks, as these happen at different ages for the two siblings.23 It also ensures that the

reflection issue is not a major concern as that the older sibling’s misbehaviour is observed at least two

years before the younger sibling’s, so there is no simultaneity.24 Nonetheless identifying the sibling

spillover effect in misbehaviour (β1) still requires us to address two identification issues, apart from

23For example, intra-year household income instability has been found to predict school exclusions in the US (Gennetian
et al., 2015).

24We also show in sensitivity analysis that there are no reverse effects running from the younger to the older sibling (see
Section 3.5.2).
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simultaneity, which threaten the identification of peer effects (Manski, 1993; Moffitt, 2001): correlated

omitted variables and endogenous peer membership.

The issue of correlated omitted variables is a concern in equation (3.1) because there may remain

unobserved characteristics, such as family attributes, that affect both siblings and lead to a spurious

correlation. To account for this potential endogeneity we instrument the older sibling’s school

misbehaviour with the average misbehaviour across the older sibling’s homogenous school peers,

defined as pupils in the same school, grade, year, prior school attainment group, and gender, as the

older sibling (see Section 3.3.1). We exclude the older sibling from the computation of their peers’

average misbehaviour by constructing the leave-one-out mean, which we denote by Y 2,−igs′t′ . This

instrument is likely to be relevant because children tend to be influenced by the misbehaviour of

peers with whom they spend the most time, such as those of the same gender and same level of

ability. We also note that, if the older sibling is influenced by their school peers, then the younger

sibling will also be influenced by their own school peers (von Hinke et al., 2019). Therefore, to

avoid mis-specification, we also include in our equation the leave-one-out mean misbehaviour for the

younger sibling’s homogenous peers Y 1,−igst, which we compute in the same way as for the older

sibling.

The validity of the instrument Y 2,−igs′t′ may be compromised if school-specific unobservables –

such as disciplinary policies, school-specific time trends in disciplinary actions, and implicit biases

against pupils who are expected to be more misbehaved in class – are shared by both siblings.25 This

is a concern since many siblings attend the same school or sort into schools with similar environments.

We address this endogeneity issue by using quasi-random variation across (academic) calendar years,

t, in the number of exclusion (unauthorised absence) sessions of the homogeneous school peers. To

do this we net out from the dependent variable, Y1,igst, the expected number of exclusions (absences)

for the peer group with the same shared characteristics but across the nearby years (t − 1), t and

(t + 1). In other words, we include in equation (3.1) the leave-one-out homogeneous peers’ mean

misbehaviour across three years, (1
3

∑t+1
r=t−1 Y 1,−igsr). Similarly, we net out from the older sibling’s

misbehaviour, Y2,igs′t′ , the expected number of exclusions (absences) for similar peers by including

25For example, implicit biases against pupils who are expected to be more misbehaved in class may be directed towards
pupils with low prior attainment and boys, who exceed girls in rates of externalizing problems throughout childhood and
adolescence (Leadbeater et al., 1999).
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(1
3

∑t′+1
r′=t′−1 Y 2,−igs′r′). Essentially, we are assessing how much more (or less) misbehaved the younger

sibling is than their near-in-time and homogenous peers, as a function of how much more (or less)

misbehaved the older sibling is than their near-in-time and homogenous peers. We assume that the

variation in near-in-time homogenous peers across peers is random.

Keeping for simplicity the same notation as in equation (3.1), the extended equation with the three

additional covariates (1
3

∑t+1
r=t−1 Y 1,−igsr), (1

3
∑t′+1

r′=t′−1 Y 2,−igs′r′) and Y 1,−igst is:

Y1,igst =β0 +β1Y2,igs′t′ +β2X1,i +β3X2,i +β4Pi +β5
1
3

t+1∑
r=t−1

Y 1,−igsr +β6
1
3

t′+1∑
r′=t′−1

Y 2,−igs′r′

+β7Y 1,−igst +ωt +λg + ε1,igst.

(3.2)

Including (1
3

∑t+1
r=t−1 Y 1,−igsr) controls for school unobservable characteristics that explain the

younger sibling’s school misbehaviour, and is in principle similar to controlling for school fixed effects

that vary by grade, age, gender and prior attainment groups over a three-year period and excluding the

younger sibling themselves.26 Therefore the ordinary least squares (OLS) estimation of equation (3.2)

can be thought of as equivalent to a refined school fixed-effect estimation. Similarly, the two-stage least

squared (2SLS) estimation of equation (3.2), which additionally instruments Y2,igs′t′ with Y 2,−igs′t′ ,

can be thought of as a combined school fixed effect and instrumental variable estimation. Notice that

because we control for (1
3

∑t′+1
r′=t′−1 Y 2,−igs′r′), the instrument Y 2,−igs′t′ exploits only idiosyncratic

variation in the misbehaviour of the older siblings’ school peers in year t′ compared to the peers in the

same school, grade, prior attainment group, and gender, but in years (t′ −1), t′ and (t′ +1).

The third identification issue in peer effects estimation is endogeneous peer group selection. This

is less of an issue in sibling peer effects estimation as siblings cannot choose one another. Nonetheless

endogenous peer group membership may be a concern for our instrumental variable Y 2,−igs′t′ , the

older sibling’s homogeneous peers’ average misbehaviour, as the effect of Y 2,−igs′t′ on Y2,igs′t′ in

the first stage estimation can capture the effect of school unobserved characteristics that explain both

sorting into schools and the likelihood to be excluded. Controlling for (1
3

∑t′+1
r′=t′−1 Y 2,−igs′r′), which

26Controlling for (1
3

∑t+1
r=t−1 Y 1,−igsr) has two main advantages over school fixed effects: (1) it allows us to consider a

leave-out-mean rather than a mean including the focal sibling that can cause estimation bias (von Hinke et al., 2019); (2) it
does not net out all unobserved school characteristics from the explanatory variables, but only the ones that could confound
the spillover effect in misbehaviour, i.e. school characteristics that are correlated with the school peers’ misbehavior.
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takes account of unobserved variables that can be correlated with both sorting into schools and the

homogeneous peers’ behaviour, addresses this issue.

Finally, we discuss potential threats to the validity of our instrument. To be valid our instrument

must satisfy the exclusion restriction, i.e. it must explain the younger sibling’s behaviour only through

the older sibling’s behaviour. This restriction may not hold if the school peers of the older sibling

have relevant interactions with the younger sibling. In England, cohorts are taught strictly separately

and there is no grade retention, meaning that older sibling’s peers have no direct interactions with a

younger sibling in the learning environment. In addition, controlling for the average behaviour of the

younger sibling’s peers blocks the possible violation of this assumption caused by the older sibling’s

peers having younger siblings who are in the same grade and same year as the focal younger sibling.

It may still be possible that an older sibling’s peer might interact with a younger sibling out of school

if they live in the same neighbourhood. However we are able to test explicitly for this possibility and

our findings suggest that the sibling spillover effect is not driven by interactions between pupils living

in the same neighbourhood (see Section 3.5.2).

3.4.2 Identifying variation

Table 3.3 shows the identifying variation in our dependent variables, the younger siblings’ exclusion

and absence sessions, and our instrumental variables, the older siblings’ peers’ exclusion and absence

sessions. The top panel of Table 3.3 shows the mean and standard deviation of the younger siblings’

behaviours, and then this variation net of various additional fixed effects and controls described

in Section 3.4.1. The variation in the final specifications are not much reduced at all compared

to the unconditional specifications. The bottom panel of Table 3.3 repeats this process but for the

take-one-out-mean of the older sibling’s homogenous peers’ exclusions. Unsurprisingly, when using

these more aggregated measures the additional fixed effects and controls do reduce the variation, but

only to a modest degree; the standard deviation in the final specifications are about 64% and 56%

of the unconditional standard deviations in the older sibling’s peers’exclusion and absence sessions,

respectively. Finally, Figure 3.4 shows the distributions of both instrumental variables.
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Table 3.3 Identifying variation in dependent and instrumental variables
Outcome: Exclusion sessions Mean SD
Total variation 0.376 2.760
Total variation net year FE -0.000 2.760
Total variation net year & grade FE -0.000 2.759
Total variation net year & grade FE & individual characteristics -0.000 2.729
Total variation net year & grade FE & individual & school characteristics -0.000 2.702

Outcome: Absence sessions Mean SD
Total variation 3.142 12.329
Total variation net year FE -0.000 12.329
Total variation net year & grade FE 0.000 12.316
Total variation net year & grade FE & individual characteristics -0.000 11.983
Total variation net year & grade FE & individual & school characteristics 0.000 11.891

N 1,142,734
IV: Peers’ exclusion sessions Mean SD
Total variation 0.347 0.728
Total variation net year FE -0.000 0.727
Total variation net year & grade FE 0.000 0.726
Total variation net year & grade FE & individual characteristics 0.000 0.680
Total variation net year & grade FE & individual & school characteristics -0.000 0.465

IV: Peers’ absence sessions Mean SD
Total variation 2.871 3.493
Total variation net year FE -0.000 3.482
Total variation net year & grade FE -0.000 3.451
Total variation net year & grade FE & individual characteristics -0.000 3.128
Total variation net year & grade FE & individual & school characteristics 0.000 1.958

N 1,142,734

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per
family and year, attending a mainstream Secondary school, with no missing covariates, with at
least a two year grade gap, and observed in grades 8, 9 or 10. Exclusions are temporary exclusions
only. Absences are unauthorised absences only. One session is half a school day. FE stands for
Fixed Effect. Individual characteristics are prior attainment at age 11 (standardised), free school
meals eligibility, whether first language is English, sibship sex combination, and sibship age gap.
School characteristics are three-year rolling averages of homogeneous peers’ misbehaviour for
both siblings, and the younger sibling’s own homogeneous peers’ average misbehaviour. All peer
measures are constructed using take-one-out means.

3.5 Results

3.5.1 Main results

Table 3.4 reports the main estimates of the older-to-younger sibling spillover effect in temporary

exclusions and unauthorised absences using a pooled sample of pupils across grades 8, 9 and 10. The

spillover effects are estimates of the impact of one additional session excluded or absent for the older

sibling on the same outcome for the younger sibling when they are in the same grade. Column 1 shows

the unconditional associations, while columns 2 to 5 display estimates of the spillover effects when

successively adding year and grade fixed effects, individual and family controls, and the school peer

behaviour rolling averages. Column 5 reports the estimates from Equation 3.2 without the instrumental

variable, while column 6 reports the 2SLS estimates.
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Figure 3.4 Distribution of older siblings’ homogeneous peers’ behaviours
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Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family
and year, attending a mainstream Secondary school, with no missing covariates, with at least a two year
grade gap, and observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences are
unauthorised absences only. One session is half a school day. Sample size: 1,142,734.

In column 1 of the first panel, the association between the siblings’ exclusion sessions in the raw,

uncontrolled specification is 0.125, which is about a third of the size of the sample mean 0.376 (see

Appendix Table C.4). This means that an additional exclusion session of an older sibling is associated

with an increase of 0.125 sessions in the younger sibling. Adding fixed effects for year (column 2)

and grade (column 3) does not change the estimate. Column 4 further controls for observable, time-

invariant characteristics of individual pupils and their families, and attenuates the estimate somewhat

to 0.106. Adding the homogeneous peer behaviour rolling averages for both the older and younger

siblings – which is similar to controlling for school fixed effects that vary by grade, age, gender and

prior attainment groups over a three-year period and excluding the siblings themselves – attenuates it

a little further, to 0.097 (column 5). All estimates are statistically significant at the 1% level.

We address the possibility that after adding this extensive set of fixed effects and controls there may

still be unobservable characteristics shared between siblings which increase the likelihood of exclusions

(or absences) for both siblings. We do this by instrumenting the older sibling’s exclusions and absences

using their homogenous (same school, grade, year, prior school attainment group, and gender) peers’

related behaviours in a 2SLS estimation. The first stage regresses the older siblings’ exclusion sessions
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Table 3.4 Sibling spillover effects: Main estimates
Panel A Outcome: Exclusion (sessions)

OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.125*** 0.125*** 0.125*** 0.106*** 0.097*** 0.031
(0.009) (0.009) (0.009) (0.009) (0.008) (0.058)

First-stage coefficient 0.181***
(0.013)

F-test first stage 209.36
Stock-Yogo Critical Value 16.38
Endogeneity test 1.30
Endogeneity test p-value 0.254

Year fixed effects ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓

Individual and family controls ✓ ✓ ✓
School peer behaviour controls ✓ ✓

Observations 1,142,734
Panel B Outcome: Absence (sessions)

OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.385*** 0.385*** 0.384*** 0.333*** 0.321*** 0.208**
(0.007) (0.007) (0.007) (0.007) (0.007) (0.086)

First-stage coefficient 0.103***
(0.008)

F-test first stage 148.49
Stock-Yogo Critical Value 16.38
Endogeneity test 1.70
Endogeneity test p-value 0.192

Year fixed effects ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓

Individual and family controls ✓ ✓ ✓
School peer behaviour controls ✓ ✓

Observations 1,142,734

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year,
attending a mainstream Secondary school, with no missing covariates, with at least a two year grade gap, and
observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences are unauthorised absences only.
One session is half a school day. The individual and family controls are prior attainment at age 11 (standardised),
free school meals eligibility, whether first language is English, sibship sex combination, and sibship age gap. The
school peer behaviour controls are three-year rolling averages of homogeneous peers’ misbehaviour for both siblings,
and the younger sibling’s own homogeneous peers’ average misbehaviour. The instrumental variable is the average
misbehaviour of the older sibling’s homogeneous peers. All peer measures are constructed using take-one-out means.
* Significant at 10%; ** significant at 5%; *** significant at 1%.

on our instrument, the take-one-out mean of exclusion sessions of their homogeneous peers, as well as

on all other controls including the three-year rolling average for the homogeneous peers’ behaviour.

The second stage then regresses the younger siblings’ exclusions on all explanatory variables, with the

older siblings’ exclusions replaced by their predicted value from the first stage.

The F-statistic for the significance of the instrumental variable in the first stage is large and confirms

the relevance of the instrument (third row of column 6). For exclusions, the first-stage coefficient is

0.181, which means that, holding constant the three-year rolling averages of the homogeneous peers,
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an increase of one session in the mean exclusion sessions of the older sibling’s own homogeneous

peers is associated with an increase of 0.181 exclusion sessions in the older sibling themselves. The

resultant 2SLS estimate in column 6 is smaller than the estimate in column 5, though not statistically

different from it, and larger standard errors make it less precise. The results of the endogeneity test

reject conditional endogeneity of the older siblings’ exclusions and therefore suggest that we cannot

reject the equality of the fully controlled fixed effects specifications with and without the IV. The

estimation without IV (column 5) is more efficient, and we therefore use it as our baseline specification

to produce estimates of heterogeneous effects.

The results for absences follow a broadly similar pattern to those for exclusions. The raw correlation

in column 1 in the second panel indicates that each additional session an older sibling is absent is

associated with an increase of 0.385 sessions in the younger sibling, which is about a tenth of the

size of the sample mean 3.14 (see Appendix Table C.4). Again, adding the fixed effects and controls

attenuates the estimate, and the IV estimate in column 12 is smaller again. It indicates that a single

absence session increase for an older sibling increases the absence sessions of a younger sibling, when

they are in that grade, by 0.208 sessions, and is statistically significant at the 5% level. Again, the

F-statistic for the significance of the instrumental variable in the first stage is sufficiently large for us to

be reassured about the strength of the instrument. And, again, the endogeneity test rejects endogeneity

of absence sessions of the older sibling conditional on controls, leading us to choose the fixed effects

estimation in column 5 as our baseline estimation.27

Overall our results indicate that there are modest, positive sibling spillover effects in non-cognitive

skills as proxied by adverse school-related behaviours such as temporary exclusions and unauthorised

absences. These results suggest that parental or public investments (or lack of investments) have

multiplier effects, and that the benefits of such investments could be underestimated if spillover effects

are not included in relevant calculations. Using the means and standard deviations in Appendix Table

C.4, the 0.097 spillover effect coefficient for exclusion sessions is equivalent to an effect size of 0.04

standard deviations, or a 25.8% increase compared to the sample mean. For absences, the spillover

27Appendix Table C.5 displays the fully controlled OLS specification and IV estimates separately by grade. The OLS
estimates are quite consistent across grades for both outcomes, whereas the IV estimates decrease as the grade increases.
This may indicate that sibling spillover effects are larger when siblings are younger, and decrease as siblings age. For
each outcome and grade combination, the F-statistic for the significance of the instrumental variable in the first stage is
sufficiently large and the endogeneity tests fails to reject the equality of the IV and OLS estimates.
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effect coefficient of 0.321 is equivalent to an effect size of 0.03 standard deviations, or a change of

10.2% compared to the sample mean. As our measure is of the intensive margin, it is hard to compare

to other literature measuring sibling spillover effects in behaviours which use binary outcomes (Altonji

et al., 2017; Anand and Kahn, 2023). However, for comparison, Altonji et al. (2017) estimate that an

older sibling engaging in substance use increases the probability of the younger sibling engaging by

10-20%. Our estimates therefore do not appear to diverge too much from those in the related literature.

3.5.2 Threats to identification and robustness checks

In this section we briefly consider threats the validity of our identification strategy and present

robustness checks for our main specification.

Threats to identification

First, the exclusion restriction requires that the older sibling’s homogeneous peers’ exclusions and

absences have no direct influence on the younger sibling’s exclusions and absences. To account for

possible violations of this exclusion restriction, in equation (3.2) we control for the misbehaviour

of the homogeneous peers of the younger sibling, as the peers of the older and younger sibling may

themselves be siblings. However, it may also be the case that some peers of the older sibling live in

the same neighbourhood as, and interact with, the younger sibling, even if they do not belong to the

same cohort as the younger sibling. Indeed, evidence from England finds that, while neighbourhood

peer effects in school achievement have not been documented, neighbourhood composition does seem

to exert a small effect on pupils’ non-cognitive behavioural outcomes (Gibbons et al., 2013).28

In our data, we are able to define neighbourhoods based on Lower Level Super Output Areas,

which are statistical geographies containing roughly 1,500 residents and 650 households. To test

the possibility of neighbourhood interactions, we exclude from the computation of the instrumental

variable any peers living in the same neighbourhood as the siblings. Columns 1 to 3 of Table

3.5 displays the results of this exercise. Excluding the older sibling’s peers living in the same

neighbourhood from the computation of the instrument produces results which are very comparable to

28Evidence from the US also finds that social interactions in informal settings outside of school – for example, on the
school bus – can have ramifications for what occurs within the classroom (Lenard and Silliman, 2025).
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the benchmark estimate, suggesting that direct interaction within neighbourhoods does not threaten

our identifying assumption.29

Table 3.5 Sibling spillover effects: Estimates excluding same-neighbourhood peers and younger-to-older effects
Panel A Outcome: Exclusion (sessions)

Excluding Same-
Neighbourhood Peers Younger-to-Older

OLS 2SLS OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.125*** 0.096*** 0.065 0.073*** 0.057*** -0.008
(0.009) (0.008) (0.076) (0.005) (0.004) (0.024)

First-stage coefficient 0.207*** 0.252***
(0.014) (0.026)

F-test first stage 222.50 96.59
Stock-Yogo Critical Value 16.38 16.38
Endogeneity test 0.169 6.42
Endogeneity test p-value 0.681 0.011

Year fixed effects
Grade fixed effects x x x x

Individual and family controls x x x x
School peer behaviour controls x x x x

Observations 1,142,716 1,142,734
Panel B Outcome: Absence (sessions)

Excluding Same-
Neighbourhood Peers Younger-to-Older

OLS 2SLS OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.385*** 0.321*** 0.186*** 0.219*** 0.183*** -0.038
(0.007) (0.007) (0.070) (0.004) (0.004) (0.074)

First-stage coefficient 0.165*** 0.089***
(0.011) (0.010)

F-test first stage 237.55 85.71
Stock-Yogo Critical Value 16.38 16.38
Endogeneity test 3.68 10.03
Endogeneity test p-value 0.055 0.002

Year fixed effects x x x x
Grade fixed effects x x x x

Individual and family controls x x x x
School peer behaviour controls x x x x

Observations 1,142,716 1,142,734

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year, attending
a mainstream Secondary school, with no missing covariates, with at least a two year grade gap, and observed in grades
8, 9 or 10. Exclusions are temporary exclusions only. Absences are unauthorised absences only. One session is half a
school day. The individual and family controls are prior attainment at age 11 (standardised), free school meals eligibility,
whether first language is English, sibship sex combination, and sibship age gap. The school peer behaviour controls
are three-year rolling averages of homogeneous peers’ misbehaviour for both siblings, and the younger sibling’s own
homogeneous peers’ average misbehaviour. The instrumental variable is the average misbehaviour of the older sibling’s
homogeneous peers. All peer measures are constructed using take-one-out means. Sample size is slightly smaller than
in Table 3.4 due to a handful of pupils having no non-LSOA peers. * Significant at 10%; ** significant at 5%; ***
significant at 1%.

29As mentioned, younger siblings may directly interact with their older sibling’s schoolmates at school. In England there
is no grade retention and cohorts are taught strictly separately, meaning that the older sibling’s peers will be in different
classes to the younger sibling. Because of our methodologically-driven sample restriction choices, siblings will also be
at least two years apart. Although we have no way of testing this further, these contextual factors form the basis for our
assumption that interactions that are relevant to exclusions and absences are unlikely to take place across cohorts while
pupils are at school.
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Another threat to identification highlighted in the peer effects literature is simultaneity (Manski,

1993): just as older siblings might affect younger siblings, younger siblings might too affect older

siblings. Simultaneity is not a major concern in our analysis as the older sibling’s misbehaviour is

observed at least two years before the younger sibling’s, ruling out reverse causality. Nonetheless

for transparency we check this assumption explicitly by estimating younger-to-older effects. We use

the same estimation strategy as outlined in Section 3.4 but with the superscripts ‘1’ and ‘2’ of the

equations reversed to swap the role of the younger sibling with that of the older sibling. In other

words we regress the exclusions of the older sibling on the exclusions of the younger sibling and the

necessary controls, and we instrument the exclusion of the younger sibling with the take-one-out mean

exclusion rate of their homogenous peers. As the effects that we estimate are for when siblings are in

the same grade, our approach actually estimates effects that are backward in time. For example, we

regress an older sibling’s behaviour in Grade 8 on a younger sibling’s behaviour in Grade 8, which

occurred at least two years later. Nonetheless we still find this to be an informative check to ascertain

whether the spillover effects occur only in the direction that we expect, or not.

Columns 4 to 6 of Table 3.5 displays the results of this check. While the raw and controlled OLS

estimates show a correlation in the siblings’ behaviours that is smaller than that in Table 3.4, the 2SLS

estimates are very close to zero. The endogeneity tests do not reject endogeneity and therefore reject

the equality of the 2SLS estimate and the OLS estimate at the 5% level for exclusion sessions and

at the 1% level for absences. These results reassure us that there is no evidence of younger-to-older

effects.

Finally, in our particular setting it is important to discuss a further possible component of the sibling

spillover effects that we observe: deterrent effects. In particular, the implementation of sanctions or

punishment following a misbehaviour is intended to serve as a deterrent for others to behave similarly.

If there is a deterrent effect of an older sibling receiving an exclusion, or a punishment (or fine) for a

high number of absences, then a younger sibling may be less likely to engage in similar behaviours.

This would result in a downward bias on our results.30 We acknowledge that this is a possiblity that

we are unable to check explicitely.

30Of course, it may also be that there is a deterrent effect among homogenous peers, and as such as acknowledge that the
first stages of our instrumental variable estimations may comprise a combination of deterrent and role modelling effects.
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Robustness checks

First, we remove the cohort-size and change-in-enrollment sampling restrictions described in Section

3.3.1. Removing this restriction increases our sample size by approximately 7% (79,320 observations),

but may also increase the volatility of our peer group behavioural measures as school cohorts which

are small or highly variable in size are retained. The results are displayed in columns 1 and 2 of Table

3.6 and are almost identical to our main estimates.

Next, we check whether adding additional control variables affects our results. In columns 3 and 4

of Table 3.6 we use a time-variant measure of free school meal eligiblity, but find that it changes our

estimates very little. In columns 5 and 6 we include quintiles of the Income Deprivation Affecting

Children Index (IDACI), which is neighbourhood-based measure of the proportion of all children aged

zero to 15 living in income deprived families. Again, we find that the inclusion of IDACI quintiles

changes our results little. In columns 7 and 8 we include indicators for whether the pupil has been

diagnosed with a Special Educational Need before Grade 8, which is the first grade that we include in

our outcome measures. The OLS results are almost identical to our main estimates; the 2SLS estimate

is, for exclusions, a little smaller, and, for absences, a little larger, but our main conclusions remain

unchanged. Finally, we also include, in columns 9 and 10 of Table 3.6, our main specification with

additional controls for ethnicity. Again, the results are virtually unchanged.

We also check whether our instrument remains relevant across different sub-groups. Appendix

Table C.2 shows that, while absence sessions are similarly common among male and female pupils,

exclusion sessions are considerably more common for male pupils. We may also be concerned that

pupils with different levels of prior attainment – and who are therefore in different prior attainment

groups – experience exclusions and absences to a greater and lesser extent. Appendix Table C.6 shows

the first stage estimates and corresponding F-tests for each outcome and each attainment-by-gender

group. As we might expect, the first stage estimates are larger for male compared to female groups in

exclusions, and are slightly larger for lower compared to higher prior-attaining groups. Interestingly,

an identical pattern exists in absences. However, in all cases the F-statistics for the significance of the

instrumental variable in the first stage are greater than 10. This reassures us that our main estimates

are not driven by variation in one attainment-by-gender group alone.
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Finally, we re-run our results using a Poisson model. The Poisson model is useful in our setting

as both exclusion and absence sessions are count data, and heavily right-skewed. The results from

the Poisson model are displayed in Appendix Table C.7. In the instrumental variable estimation for

the exclusions outcome (column 6 in Panel A), some parameters were not identified. However, for

the absences outcome, the instrumental variable estimate is very similar to the fully-controlled OLS

estimate, which is in line with our main results indicating no difference between the 2SLS and OLS

estimates. The spillover effect estimates are somewhat smaller than those in Table 3.4. This may

indicate non-linearity or overdispersion in our underlying data, and that using OLS may bias our

estimates upwards.

3.5.3 Heterogeneity and implications for inequality

In this section, we consider whether the relative magnitudes of sibling spillover effects in exclusions

and absences differ by sibling characteristics.

First, we analyse the heterogeneity of sibling spillover effects according to the grade gap between

the siblings.31 The grade gap is an approximate measure of the age gap between siblings, as grades are

determined by exact birth dates and school starting age cut-offs. Siblings who are closer in age (grade)

might spend more time together and share a closer bond. However this is not the overwhelming finding

in the existing literature; Altonji et al. (2017) find larger sibling spillover effects in smoking, drinking

and marijuana use for siblings who are more than two years apart, while Nicoletti and Rabe (2019)

find similar sibling spillover effects in test scores for siblings who are one, two, and three years apart.

Table 3.7 reports separate results by the grade gap combinations of the younger and older siblings,

estimated on separate samples using our baseline specification (equation 3.2 without the instrumental

variable). For both exclusion and absence sessions the effects are consistently larger for siblings who

are closer in age. The estimates are 0.123, 0.086 and 0.072 exclusion sessions for siblings who are two,

three, and four or more grades apart respectively (see columns 1, 2 and 3 of Panel A). For absence

sessions they are 0.359, 0.334 and 0.265 (see columns 1, 2 and 3 of Panel B). Recall that siblings with

a one-year grade gap were dropped from our sample.

31As our sample is restricted to the eldest two siblings per family group identifier and year, we cannot be certain that
these are the first- and second-born children in each family but we can be certain that they are consecutively spaced. Given
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Table 3.7 Sibling spillover effects in exclusions and absences: Heterogeneity analyses
Panel A Outcome: Exclusion (sessions)

Age Gap Gender Composition FSM Eligibility

2 years 3 years 4+ years
Female
Female

Male
Female

Female
Male

Male
Male Never-FSM Ever-FSM

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Spillover effect 0.123*** 0.086*** 0.072*** 0.102*** 0.066*** 0.132*** 0.116*** 0.067*** 0.107***
(0.012) (0.008) (0.008) (0.011) (0.008) (0.019) (0.012) (0.005) (0.010)

Year fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Individual controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

School/peer controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Observations 443,545 355,602 343,587 283,050 284,432 281,448 293,804 841,601 301,133
Panel B Outcome: Absence (sessions)

Age Gap Gender Composition FSM Eligibility

2 years 3 years 4+ years
Female
Female

Male
Female

Female
Male

Male
Male Never-FSM Ever-FSM

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Spillover effect 0.359*** 0.334*** 0.265*** 0.323*** 0.298*** 0.320*** 0.346*** 0.247*** 0.337***
(0.012) (0.014) (0.011) (0.012) (0.013) (0.013) (0.015) (0.010) (0.009)

Year fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Individual controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

School/peer controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Observations 443,545 355,602 343,587 283,050 284,432 281,448 293,804 841,601 301,133

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year, attending a mainstream Secondary school,
with no missing covariates, with at least a two year grade gap, and observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences
are unauthorised absences only. One session is half a school day. The individual and family controls are prior attainment at age 11 (standardised), free
school meals eligibility, whether first language is English, sibship sex combination, and sibship age gap. The school peer behaviour controls are three-year
rolling averages of homogeneous peers’ misbehaviour for both siblings, and the younger sibling’s own homogeneous peers’ average misbehaviour. All peer
measures are constructed using take-one-out means. Estimates use the fully-controlled OLS specification. * Significant at 10%; ** significant at 5%; ***
significant at 1%.

We also consider whether there is evidence of any heterogeneous sibling spillover effects according

to the gender composition of the siblings. For example, Altonji et al. (2017) find that sibling spillover

effects for behavioural outcomes (in their case, smoking and marijuana use) are substantially larger for

sister pairs. Columns 4 to 7 of Table 3.7 presents the results, estimated using separate samples. In

general, the spillover effects are larger when the younger sibling is male, although same-sex female

pairings also exhibit relatively large effects, especially in absences. The smallest spillover effects are

for an older male sibling and younger female sibling, for both outcomes.

Our final heterogeneity analysis checks whether sibling spillover effects differ by level of economic

deprivation. This is an important consideration for equality and for policy. For example, Nicoletti and

Rabe (2019) find that positive spillover effects in test scores are smaller for pupils from disadvantaged

compared to affluent backgrounds, and that these differences are driven by more disadvantaged families

this, we are able to assess whether siblings who are closer in age have greater spillover effects than those less close in age
without contamination by birth order effects (Joensen and Nielsen, 2018).
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having, on average, lower-attaining older siblings. They therefore conclude that interventions aimed

at increasing the attainment of disadvantaged older siblings will have a more equalising effect than

interventions focused on changing the interactions between siblings in disadvantaged compared to

non-disadvantaged families. Such considerations are also relevant here, as it could be that the higher

average exclusion and absence sessions for disadvantaged pupils shown in Figures 3.1 and 3.2 are

driven by risk factors not related to the nature of family interactions, or it could be that a higher

likelihood of sibling spillover effects in more disadvantaged families is also playing a part.

Columns 8 and 9 of Table 3.7 show the estimated sibling spillover effects in both exclusions and

absences separately for pupils who are ever and never eligible for free school meals. The spillover

effect for exclusion sessions is 0.107 sessions for ever-FSM-eligible pupils and 0.067 for never-FSM-

eligible pupils (see Panel A). For absence sessions it is 0.337 sessions for ever-FSM-eligible pupils

and 0.247 sessions for never-FSM-eligible pupils (see Panel B). We therefore find higher spillovers

among disadvantaged pupils than non-disadvantaged. This is likely to amplify inequalities between

social groups, as older siblings of ever-FSM-eligible pupils are more often excluded (absent) and

also pass this behaviour on to a greater extent than affluent pupils. As opposed to Nicoletti and Rabe

(2019), who find the same spillovers across both groups, in our case possible policy responses could

include both improving behaviours among disadvantaged pupils (because of the spillover of these onto

their younger siblings) and addressing any reasons why the spillover is so large for this group.

3.5.4 Mechanisms

The literature identifies two potential mechanisms through which siblings might affect one another:

parental investments and direct interaction (e.g. role modelling).

First, sibling spillovers might arise due to behavioural responses by parents. There is a large

body of research evidence concerning how parents allocate resources among their children so as to

reinforce or compensate initial endowments. For example parents might want to invest more – in

terms of time, attention and/or financial resources – in better-endowed children, and thereby reinforce

endowment differentials (Becker and Tomes, 1976). However parents may also seek to compensate

endowment differentials among their children, and therefore invest more in less-endowed children

(Behrman et al., 1982). Empirical evidence supporting one or the other theory is quite mixed and
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far from conclusive; some papers find evidence of reinforcing behaviour (Datar et al., 2010; Rosales-

Rueda, 2014; Rosenzweig and Zhang, 2009), while others find evidence of compensating behaviour

(Bharadwaj et al., 2018; Yi et al., 2015).

In our context parents would exhibit reinforcing behaviour by investing more in a non-excluded

or non-absent sibling who may been viewed as ‘succeeding’ more in school. This behaviours would

likely lessen the strength of the association in behaviour between siblings, as the non-excluded or

non-absent sibling would be less likely to subsequently misbehave. On the other hand, parents would

exhibit compensatory behaviour if they invest more in the excluded or absent sibling in an attempt

to make subsequent exclusions or absences less likely. This behaviour would likely strengthen the

association in behaviours between siblings, as the excluded or absent sibling would be less likely to

subsequently misbehave. Parents may also respond to the instrument itself, for example by limiting the

time that the siblings spend with any increasingly misbehaving peers. Unfortunately existing evidence

about parental responses to the misbehaviour of a child’s sibling or peers is scarce. We therefore

acknowledge that parental investments may drive some part of the spillover effects that we observe,

but remain agnostic as to the direction.

It is also possible that our measured sibling spillover effects in exclusions and absences are driven

by direct interactions between siblings. Social learning theory (Bandura, 1977) suggests that siblings

learn from one another due to observation and imitation. Through this process, siblings develop similar

attributes, attitudes, and behaviours (Defoe et al., 2013; McHale et al., 2012; Whiteman et al., 2011).

In social learning theory, older siblings are likely to have a greater influence on younger siblings than

the reverse because younger siblings will consider their older sibling as a role model to observe, follow,

and imitate (Brim, 1958; Buhrmester, 1992; Pepler et al., 1981).

We explore the direct interaction mechanism in two ways. First, we recall that Table 3.5 provides

no evidence of younger-to-older spillover effects and Table 3.7 shows that older-to-younger spillover

effects decrease as the grade (age) gap between siblings increases. Together, these results suggest that

direct interaction may be a compelling mechanism for our findings as the existence of more prominent

older-to-younger effects is supported by social learning theory and we might expect pupils who are

closer in age to interact more. Second, we use the reason for exclusion to ascertain the extent to

which the sibling spillover effects may be due to older siblings role modelling particular types of
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behaviour. Section 3.3.2 has already shown there is a stronger correlation in exclusions for the same

reason between sibling pairs, than in exclusions for different reasons. We now probe this association

by testing each combination of reasons using the fully-controlled OLS specification. The results are

displayed in Table 3.8, and show that the larger associations are generally retained between siblings

for the same reason for exclusion. Overall, though far from conclusive, these results give some further

support for the direct interaction mechanism.

Table 3.8 Sibling spillover effects in exclusion sessions: By reason for exclusion
Older Younger

Disruptive Physical Verbal Illicit Other
Disruptive 0.107*** 0.021*** 0.032*** 0.005*** 0.013***

(0.033) (0.003) (0.005) (0.001) (0.003)
Physical 0.036*** 0.034*** 0.036*** 0.009*** 0.019***

(0.005) (0.003) (0.004) (0.002) (0.003)
Verbal 0.037*** 0.025*** 0.044*** 0.006*** 0.019***

(0.004) (0.003) (0.004) (0.001) (0.003)
Illicit 0.031*** 0.025*** 0.020*** 0.007*** 0.015***

(0.006) (0.005) (0.004) (0.002) (0.004)
Other 0.025*** 0.019*** 0.027*** 0.004*** 0.038***

(0.004) (0.003) (0.004) (0.001) (0.006)

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year, attending a mainstream
Secondary school, with no missing covariates, with at least a two year grade gap, and observed in grades 8, 9 or 10. Exclusions
are temporary exclusions only. One session is half a school day. The individual and family controls are prior attainment at age 11
(standardised), free school meals eligibility, whether first language is English, sibship sex combination, and sibship age gap. The
school peer behaviour controls are three-year rolling averages of homogeneous peers’ misbehaviour for both siblings, and the younger
sibling’s own homogeneous peers’ average misbehaviour. All peer measures are constructed using take-one-out means. Estimates use
the fully-controlled OLS specification. * Significant at 10%; ** significant at 5%; *** significant at 1%.

Finally, in our particular setting it is possible that bias and stereotyping may drive part of our sibling

spillover effect estimates. This would occur, for example, if teachers and headteachers (principals)

develop beliefs about all members of a family based on the behaviour of one sibling belonging to that

family. Such beliefs then could, for example, mean that a younger sibling is more likely to be excluded

than a peer who does not have a misbehaving older sibling. However we are less concerned about bias

driving our results as we find comparable results across both exclusions and absences, and it seems

unlikely that bias plays a large role in younger siblings having high rates of absences from school.

3.6 Conclusion

In this paper we explore whether and to what extent inputs into the production of non-cognitive skills

arise from sibling spillovers. We proxy non-cognitive skills using measures of temporary exclusions

and unauthorised absences, and find evidence of modest sibling spillover effects in both. Having
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an older sibling who is excluded from school for one session increases the exclusion sessions of a

younger sibling by 0.1 sessions. For absences, it is 0.3 sessions. As an effect size proportional to

the sample means, the increase for exclusions is around 25%, and for absences around 10%. Both

spillover effects are around 3-4% of a standard deviation, which is a small effect.

We also estimate heterogeneous sibling spillover effects in temporary exclusions and unauthorised

absences. We find that siblings who are closer in age seem to have larger spillover effects. This

makes sense given that siblings who are closer in age may spend more time together, be experiencing

more similar stages of puberty, and/or have access to more similar opportunities, items or substances.

However this is not a consistent finding in the wider literature. We also find that spillover effects

are larger for disadvantaged pupils compared to non-disadvantaged pupils. Our results indicate that

direct interaction (role modelling) is likely to be a convincing explanation of the mechanism of the

spillover effects that we find. They also indicate that ignorance of such spillover effects may result in

understating the positive externalities of successful policies and interventions which reduce adverse

school-related behaviours among older siblings.

Finally, as shown in Figures 3.1 and 3.2, differences in non-cognitive skills across groups are an

increasing social equity concern. Successful policy responses require a detailed understanding of the

causal mechanisms behind the increasing rates and rising disparity in exclusions and absences between

groups. This paper suggests one possible mechanism: pupils from the same family influence one

another’s non-cognitive skill development and behaviour. Further research is needed to uncover the

reason for the larger spillover effects between groups, but at the very least policymakers should take

note that there are likely to be positive multiplier effects to investments that reduce exclusions and/or

absences for individuals who have younger siblings, and that these may help to reduce inequities

between differently-advantaged groups. The findings from this paper also suggest that an older siblings’

temporary exclusions and unauthorised absences may be a reliable signal for early intervention to

prevent temporary exclusions and unauthorised absences in the younger sibling.
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In The Next Big Thing in School Improvement, economist Rebecca Allen, headteacher Matthew Evans

and classroom teacher Ben White explore why it is that the school system often resists our attempts to

improve it. ‘[T]he further we sit from the complex realities of the classroom,’ they argue, ‘the more our

attempts to influence schooling are mired by misunderstanding, presumption and over-simplification’

(Allen et al., 2021). Without acknowledging the constant interplay between schools and wider society,

or the indelible complexities of how schools actually work, well-meaning policies are likely to lead to

limited or even unintended consequences. And the further we move from that complexity, the more

likely we are to get it wrong.

The three essays that constitute this thesis unite on a similar conclusion: while educational policies

and institutional practices are often designed to promote learning and equality of opportunity, they

often fall short because they fail to account for practical, familial or structural constraints. Chapter 1

shows that teacher-assigned grades can perpetuate biases, suggesting that even well-meaning policies

(such as trusting teacher judgment) can produce unequal outcomes if social biases are not addressed.

Chapter 2 finds that a large-scale, early childhood curriculum reform (the Foundation Phase) had no

lasting effect on outcomes, challenging the idea that intended changes in pedagogy alone will lead

to better or more equitable educational trajectories. And Chapter 3 illustrates how peer and family

dynamics, such as sibling interactions, can influence an individual’s own educational experiences,

underscoring the very large extent to which factors outside of the control of schools (such as the family

environment) shape children’s outcomes.

This thesis also highlights how, while structural or interpersonal dynamics can limit the intended

effects of education policy, the complexities of the schooling system also present challenges to the

education policy evaluator.
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First, in contrast to a supposed scientific ‘ideal’, the effects of education policies are context-

dependent and rarely universal. Chapter 1 shows that, in England, many ethnic minority groups actually

perform better than their White British peers in their end-of-compulsory-schooling examinations.

Though this makes complete sense in the English context, what it means for the ways that teachers

perceive their students is different to other contexts where comparable groups almost universally

perform worse; the dynamics of teachers’ biases are not a universal truth. Chapter 2, meanwhile, finds

that a play-based early childhood curriculum inspired by Reggio Emilia in Italy, Te Whãriki in New

Zealand, and multiple programmes across Scandinavia, failed to lead to statistically significant, positive

effects on schooling outcomes in Wales in the medium term. Whether this means that the policy itself

has ‘failed’ depends on why no effects emerged. If the issue was one of training and resources, or

even the way that the policy was viewed by schools and families, then assuming comparability to very

different contexts may be misguided.

Second, schools are a far cry from experimental laboratories. Each one is a unique and dynamic

institution, composed of individual teachers exercising professional judgment and whose established

practices are not easily shifted by top-down reform. Spillovers are inevitable, both within schools

and across localities; a change in how one subject is taught may influence others, just as shifts in one

school’s hiring or admissions policies can ripple through neighbouring schools. Multiple overlapping

policy reforms – some originating outside the education sector – simultaneously shape pupil outcomes.

And researchers must frequently make do with outcome measures which are poor proxies for the

constructs of real interest and which also change over time, disappear altogether, or suffer from ceiling

effects that obscure variation. In short, the real-world complexity of schooling rarely lends itself to the

tidy assumptions of policy evaluation.

Nonetheless, while uncovering causal effects under the level of complexity of school systems is

difficult, this thesis attempts to do so. In Chapter 1, we use Gelbach decompositions alongside the

exogeneous change in assessment methods during the Covid-19 pandemic to evaluate how the change

in assessment methods affects grade gaps between students from different ethnic minority groups and

White British students. Ruling out alternative explanations of the pattern of grade gap changes that

we find leads us to conclude that teacher stereotyping is a convincing explanation of the grade gap

changes that we observe. In Chapter 2, I use a difference-in-differences methodology to compare the
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43 schools in which the Foundation Phase policy was piloted to all other schools in Wales, therein

accounting both for differences between the groups of schools before the policy was introduced and

differences over time that affected all schools. I show that crucial assumptions are met which allow us

to interpret the results as causal. In Chapter 3, we implement a novel instrumental variable design to

overcome the identification issues inherent in evaluating the effects of peers on pupils’ outcomes by

using a three-year rolling average of pupils’ homogeneous school peers. In the future, this approach

could be used more widely to help to control for selection into schools, or to achieve quasi-random

assignment of peers (conditional on covariates).

Finally, there remain some substantial limitations and areas for future investigation in the research

presented in this thesis. In Chapter 1, we refrain from concluding that the unexplained grade gap

changes that we observe entirely constitute stereotyping effects for two reasons. First, unlike other

papers on stereotyping in educational assessment (Carlana, 2019), we have no way of estimating a

measure of bias at the teacher-level and are therefore unable to model bias directly. Second, a causal

interpretation is based on the assumption that changes in the levels or returns to unobserved pupil

characteristics across groups affect grades in the same direction across subjects. Though this is highly

likely, it is not something that we can test. An interesting extension of the analysis in Chapter 1 would

be to relate teachers’ characteristics to the grade gap changes that we observe. However unfortunately

the only data on teachers’ characteristics that is available (such as teacher ethnicity, qualification and

age) are only available at the school aggregate level, and cannot be linked directly with pupils or even

to specific cohorts or subjects.

In Chapter 2 the primary limitation is data availability. First, as the first year of the SAIL Databank

education dataset is not long before the implementation of the Foundation Phase begins, I have limited

pre-intervention years for particular Pilot groups and outcomes. This is particularly the case for Pilot

Group 1a and for the GCSE outcomes, and impacts how strongly we can interpret any pre-trends

tests as evidence in support of the conditional parallel trends assumption. Second, additional data

measures would also help to more fully explore the impacts of the Foundation Phase policy. These

include subject-level GCSE examination data, which exists and has been requested. They also include

data on Further Education College attendance, which exists, and comparable measures across both

Pilot and control schools at age seven, which unfortunately does not. It would be both useful and
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fascinating to have access to survey data which might elucidate parental responses to the introduction

of the Foundation Phase pilot in their children’s schools. Unfortunately, though the Millenium Cohort

Study contains such data, the sample size is too small to sufficiently power any statistical analyses.

In Chapter 3 we are primarily restricted in the types of behavioural outcomes that are available

to researchers in administrative data. Having access to lower-level behavioural infringements such

as detentions, for example, would allow us to estimate spillover effects at a more precise level. They

would also likely give sufficient variation in Primary school for us to estimate value-added behavioural

spillover effects using a sibling’s exposure to new peers in Secondary school, which would be an

alternative identification strategy to the one that we do employ. Our identification strategy in Chapter

3 also relies on assumptions about how schools organise pupils into classes and which pupils spend

time together. Access to data such as lower-level behavioural outcomes and classroom groupings

would therefore considerably expand the precision that researchers are able to reach in analyses of

what happens within schools.

Ultimately, both designing education policy and designing education policy evaluations are com-

plex tasks. This thesis, however, hopes to contribute some knowledge in the service of both.



A Appendix for Chapter 1

Figure A.1 Science grade gaps by ethnic group and year
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(‘double award’ or ‘triple award’). Grade gaps for 2017 are not included as reformed science GCSE qualifications were first awarded
in 2018.
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Table A.1 Cohort characteristics by year
2017 2018 2019 2020

Pupil characteristics
Male 0.498 0.500 0.500 0.502

(0.500) (0.500) (0.500) (0.500)
Ethnicity:

White British 0.748 0.732 0.719 0.711
(0.434) (0.443) (0.450) (0.453)

Pakistani & Bangladeshi 0.056 0.061 0.062 0.060
(0.230) (0.240) (0.242) (0.238)

Indian 0.025 0.027 0.027 0.027
(0.155) (0.161) (0.163) (0.162)

Black African 0.029 0.031 0.033 0.035
(0.169) (0.175) (0.179) (0.183)

Black Caribbean 0.013 0.013 0.014 0.013
(0.114) (0.115) (0.117) (0.114)

Multiethnic 0.044 0.046 0.049 0.052
(0.205) (0.210) (0.217) (0.222)

Any Other Ethnic Group 0.085 0.088 0.095 0.102
(0.278) (0.284) (0.293) (0.302)

Free school meals 0.253 0.249 0.246 0.244
(0.435) (0.432) (0.430) (0.430)

Neighbourhood deprivation 0.192 0.192 0.194 0.196
(0.138) (0.138) (0.139) (0.139)

Special educational needs 0.109 0.109 0.113 0.120
(0.311) (0.312) (0.317) (0.325)

First language not English 0.131 0.138 0.141 0.141
(0.337) (0.345) (0.348) (0.349)

Maths prior attainment (age 11) 0.000 0.000 0.000 0.000
(1.000) (1.000) (1.000) (1.000)

English prior attainment (age 11) 0.000 0.000 0.000 0.000
(1.000) (1.000) (1.000) (1.000)

School characteristics
Selective admissions 0.044 0.048 0.047 0.046

(0.206) (0.213) (0.212) (0.209)
Region:

London 0.138 0.142 0.144 0.143
(0.345) (0.349) (0.351) (0.351)

East of England 0.117 0.116 0.118 0.115
(0.321) (0.321) (0.322) (0.319)

North East 0.150 0.150 0.148 0.148
(0.357) (0.357) (0.355) (0.355)

North West 0.141 0.138 0.142 0.139
(0.348) (0.345) (0.349) (0.346)

South East 0.159 0.161 0.165 0.162
(0.366) (0.367) (0.371) (0.368)

South West 0.098 0.095 0.083 0.092
(0.298) (0.293) (0.276) (0.289)

East Midlands 0.084 0.085 0.087 0.087
(0.277) (0.279) (0.281) (0.282)

West Midlands 0.112 0.113 0.113 0.114
(0.315) (0.317) (0.317) (0.318)

Urban 0.876 0.877 0.877 0.874
(0.330) (0.328) (0.329) (0.332)

Size of cohort 190 189 192 196
(62.5) (63.6) (62.3) (63.0)

School governance type:
Local Authority Maintained 0.337 0.301 0.270 0.244

(0.473) (0.459) (0.444) (0.429)
Single Academy Trust 0.185 0.192 0.198 0.192

(0.388) (0.394) (0.398) (0.394)
Multi Academy Trust 0.416 0.454 0.502 0.541

(0.493) (0.498) (0.500) (0.498)
Other 0.062 0.054 0.030 0.023

(0.241) (0.225) (0.171) (0.151)

Proportion free school meals 0.252 0.246 0.243 0.240
(0.151) (0.148) (0.144) (0.140)

Average neighbourhood deprivation 0.193 0.193 0.194 0.196
(0.089) (0.088) (0.089) (0.089)

School value-added (lagged) 0.022 0.033 0.036 0.026
(0.335) (0.406) (0.423) (0.435)

N 449,673 439,279 444,842 489,748

Notes: National Pupil Database, 2017 - 2020. Sample comprises age 16 pupils in mainstream schools in England with no missing data. Free school
meals indicates if a pupil is known to have been eligible for free school meals in the past six years. Neighbourhood deprivation is a rank based on the
proportion of all children aged 0 to 15 living in income deprived households in the pupil’s local area of residence (IDACI score). Prior attainment scores
are standardised by year and subject with mean zero and standard deviation of one. School value-added refers to how many average grades higher or
lower the pupils in that school achieve across eight qualifying GCSE subjects compared to pupils across the country who score comparatively at age 11.
Standard deviations in parentheses.
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Table A.2 Cohort characteristics by group
WB PB I BA BC

Pupil characteristics

Male 0.501 0.496 0.509 0.483 0.483
(0.500) (0.500) (0.500) (0.500) (0.500)

Free school meals 0.213 0.387 0.144 0.494 0.466
(0.410) (0.487) (0.351) (0.500) (0.499)

Neighbourhood deprivation 0.172 0.274 0.193 0.316 0.301
(0.133) (0.115) (0.112) (0.126) (0.123)

Special educational needs 0.118 0.093 0.060 0.097 0.171
(0.323) (0.291) (0.238) (0.296) (0.377)

First language not English 0.004 0.702 0.595 0.529 0.025
(0.062) (0.457) (0.491) (0.499) (0.156)

Maths prior attainment (age 11) 0.006 -0.138 0.288 -0.099 -0.330
(0.992) (1.035) (0.945) (0.998) (1.013)

English prior attainment (age 11) 0.040 -0.266 0.095 -0.110 -0.235
(0.991) (0.992) (0.965) (0.972) (0.958)

School characteristics

Selective admissions 0.041 0.039 0.151 0.050 0.013
(0.198) (0.194) (0.358) (0.217) (0.115)

Region:

London 0.056 0.262 0.291 0.600 0.640
(0.230) (0.440) (0.454) (0.490) (0.480)

East of England 0.126 0.070 0.064 0.075 0.055
(0.332) (0.255) (0.245) (0.263) (0.229)

North East 0.169 0.185 0.063 0.043 0.029
(0.375) (0.388) (0.243) (0.203) (0.167)

North West 0.157 0.153 0.097 0.055 0.029
(0.363) (0.360) (0.295) (0.228) (0.169)

South East 0.178 0.079 0.131 0.086 0.043
(0.382) (0.270) (0.337) (0.280) (0.203)

South West 0.112 0.010 0.028 0.020 0.018
(0.315) (0.101) (0.164) (0.140) (0.132)

East Midlands 0.095 0.039 0.133 0.042 0.036
(0.293) (0.192) (0.339) (0.201) (0.186)

West Midlands 0.107 0.202 0.194 0.079 0.149
(0.309) (0.402) (0.395) (0.270) (0.357)

Urban 0.843 0.988 0.977 0.985 0.989
(0.364) (0.108) (0.151) (0.121) (0.105)

Size of cohort 192 199 199 185 180
(64.0) (58.6) (69.4) (54.5) (54.4)

School governance type:

Local Authority Maintained 0.274 0.362 0.264 0.356 0.345
(0.446) (0.481) (0.441) (0.479) (0.475)

Single Academy Trust 0.188 0.153 0.254 0.208 0.192
(0.391) (0.360) (0.436) (0.406) (0.394)

Multi Academy Trust 0.491 0.462 0.459 0.409 0.431
(0.500) (0.499) (0.498) (0.492) (0.495)

Other 0.046 0.023 0.023 0.028 0.032
(0.209) (0.150) (0.150) (0.165) (0.176)

Proportion free school meals 0.221 0.375 0.242 0.356 0.377
(0.128) (0.162) (0.146) (0.171) (0.161)

Average neighbourhood deprivation 0.178 0.265 0.206 0.269 0.275
(0.083) (0.082) (0.075) (0.082) (0.077)

School value-added (lagged) -0.019 0.164 0.299 0.181 0.093
(0.381) (0.414) (0.454) (0.420) (0.426)

N 1,326,331 109,634 48,111 58,848 24,388

Notes: National Pupil Database, 2017 - 2020. ‘WB’ stands for White British, ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African,
‘BC’ Black Caribbean. Sample comprises age 16 pupils in mainstream schools in England, with no missing data, in years 2017, 2018, 2019 or 2020. Free
school meals indicates if a pupil is known to have been eligible for free school meals in the past six years. Neighbourhood deprivation is a rank based on
the proportion of all children aged 0 to 15 living in income deprived households in the pupil’s local area of residence (IDACI score). Prior attainment
scores are standardised by year and subject with mean zero and standard deviation of one. School value-added refers to how many average grades higher
or lower the pupils in that school achieve across eight qualifying GCSE subjects compared to pupils across the country who score comparatively at age
11. Standard deviations in parentheses.
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Table A.3 Detailed Gelbach decomposition of the change in grade gaps by ethnic group
Maths English

P&B I BA BC P&B I BA BC
Raw gap change 0.101*** 0.091*** 0.115*** 0.201*** -0.060*** -0.041 -0.103*** 0.082**

(0.023) (0.028) (0.024) (0.035) (0.020) (0.028) (0.023) (0.036)
Explained gap change 0.065*** -0.009 0.018 0.056* 0.080*** 0.036* 0.075*** 0.104***

(0.022) (0.024) (0.021) (0.030) (0.019) (0.022) (0.020) (0.025)
Amount explained by:
Male 0.001 0.000 0.002 0.003* 0.003 0.004 -0.004 0.005

(0.002) (0.002) (0.002) (0.002) (0.003) (0.004) (0.004) (0.005)
Socio-economic status:

Free school meals -0.002 0.009*** 0.002 -0.001 0.003 0.007*** 0.012*** 0.008*
(0.002) (0.002) (0.003) (0.004) (0.002) (0.002) (0.003) (0.005)

Neighbourhood deprivation 0.008*** 0.003 0.014*** 0.007 0.012*** 0.004* 0.019*** 0.011**
(0.003) (0.002) (0.004) (0.004) (0.003) (0.002) (0.004) (0.005)

Special educational needs 0.004*** 0.007*** 0.004*** -0.003 0.005*** 0.007*** 0.006*** 0.000
(0.001) (0.001) (0.001) (0.002) (0.002) (0.002) (0.002) (0.004)

First language not English 0.011 0.008 0.005 0.000 0.011 0.009 0.006 0.000
(0.009) (0.008) (0.007) (0.001) (0.010) (0.008) (0.007) (0.001)

Prior attainment (age 11) 0.024 -0.026 -0.015 0.027 0.002 0.036*** 0.030*** 0.047***
(0.016) (0.019) (0.016) (0.026) (0.010) (0.014) (0.012) (0.016)

School characteristics:
Selective admissions 0.000 -0.002 0.001 0.001 0.001 -0.005 0.001 0.002

(0.001) (0.004) (0.001) (0.001) (0.001) (0.004) (0.001) (0.001)
Region 0.007 -0.001 0.013 0.014 -0.012** -0.019*** -0.025** -0.024**

(0.005) (0.005) (0.009) (0.011) (0.006) (0.006) (0.011) (0.012)
Urban 0.003 0.003 0.003 0.003 -0.001 -0.001 -0.001 -0.001

(0.002) (0.002) (0.002) (0.002) (0.003) (0.003) (0.003) (0.003)
Size of cohort -0.003* -0.002 0.003** 0.006*** -0.002 -0.002 0.002** 0.005***

(0.001) (0.002) (0.001) (0.002) (0.001) (0.002) (0.001) (0.002)
School governance type -0.001 0.000 0.001 0.001 0.000 0.001 0.002 0.001

(0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001)
Prop. free school meals 0.019 0.001 0.016 0.020 0.048*** 0.006** 0.043*** 0.049***

(0.015) (0.002) (0.014) (0.016) (0.016) (0.003) (0.015) (0.017)
Avg. neigh’hood deprivation -0.023 -0.006 -0.024 -0.026* -0.003 -0.003 -0.003 -0.002

(0.014) (0.004) (0.014) (0.016) (0.016) (0.005) (0.016) (0.018)
School value-added (lagged) 0.015* -0.003 -0.008 0.004 0.012 -0.008 -0.011 0.003

(0.009) (0.009) (0.008) (0.010) (0.009) (0.010) (0.008) (0.010)
Unexplained gap change 0.036* 0.100*** 0.096*** 0.145*** -0.140*** -0.077*** -0.179*** -0.022

(0.019) (0.020) (0.019) (0.026) (0.020) (0.025) (0.021) (0.030)
N 934,590 934,590

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black Caribbean.
Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of year) examinations
only. The English grade is the highest of English Literature and English Language if pupils received grades for both. The gap is the gap in average grades
between the ethnic minority group and White British pupils. Free school meals indicates if a pupil is known to have been eligible for free school meals in
the past six years. Neighbourhood deprivation is a rank based on the proportion of all children aged 0 to 15 living in income deprived households in the
pupil’s local area of residence (IDACI score). Prior attainment scores are standardised by year and subject with mean zero and standard deviation of one.
Region contains 9 categories and school governance type 4 categories. School value-added refers to how many average grades higher or lower the pupils
in that school achieve across eight qualifying GCSE subjects compared to pupils across the country who score comparatively at age 11. Standard errors
in parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.4 Gelbach decomposition returns
Maths English

2019 *2020 2019 *2020
Constant 5.057*** 0.468*** 5.831*** 0.134***

(0.033) (0.033) (0.037) (0.038)

Male -0.089*** -0.130*** -0.610*** 0.086***
(0.006) (0.007) (0.006) (0.007)

Free school meals -0.355*** -0.050*** -0.418*** -0.018**
(0.005) (0.007) (0.006) (0.007)

Neighbourhood deprivation -1.115*** 0.079*** -1.138*** 0.114***
(0.023) (0.027) (0.024) (0.028)

Special educational needs -0.198*** -0.074*** -0.514*** -0.029***
(0.009) (0.010) (0.009) (0.011)

First language not English 0.170*** 0.020 0.195*** 0.022
(0.011) (0.013) (0.012) (0.014)

Prior attainment (age 11) 1.412*** -0.056*** 0.981*** 0.014***
(0.004) (0.003) (0.003) (0.004)

Selective admissions 0.420*** -0.019 0.435*** -0.042
(0.032) (0.025) (0.030) (0.027)

Region (ref: London):
East of England -0.022 -0.011 -0.231*** 0.074***

(0.023) (0.022) (0.025) (0.025)
North East 0.003 -0.010 -0.156*** 0.057**

(0.022) (0.021) (0.024) (0.023)
North West -0.062*** -0.016 -0.135*** 0.019

(0.022) (0.022) (0.026) (0.025)
South East -0.022 -0.032 -0.225*** 0.027

(0.022) (0.022) (0.024) (0.024)
South West 0.005 -0.029 -0.237*** 0.074**

(0.025) (0.025) (0.027) (0.028)
East Midlands 0.009 -0.080*** -0.189*** 0.024

(0.027) (0.026) (0.028) (0.030)
West Midlands -0.030 -0.043* -0.186*** 0.022

(0.023) (0.022) (0.027) (0.025)

Urban 0.003 0.021 0.019 -0.008
(0.017) (0.015) (0.017) (0.019)

Size of cohort -0.000 -0.000*** -0.000 -0.000***
(0.000) (0.000) (0.000) (0.000)

School governance type (ref: Community):
Single Academy Trust 0.001 0.004 0.022 0.007

(0.016) (0.016) (0.018) (0.018)
Multi Academy Trust 0.025* -0.008 0.044*** -0.013

(0.013) (0.014) (0.014) (0.014)
Other 0.000 0.041 -0.017 0.000

(0.034) (0.037) (0.039) (0.045)

Proportion free school meals -0.023 0.137 -0.293*** 0.322***
(0.100) (0.104) (0.104) (0.113)

Average neighbourhood deprivation -0.067 -0.262 0.688*** -0.035
(0.156) (0.159) (0.166) (0.181)

School value-added (lagged) 0.615*** -0.035** 0.618*** -0.050***
(0.016) (0.017) (0.018) (0.018)

N 934,590 934,590

Notes: National Pupil Database, 2017 - 2020. Columns labelled ‘2019’ refer to the returns to a characteristic in 2019. Columns labelled ‘*2020’ are the
interaction terms for each characteristic and the 2020 indicator. Sample comprises age 16 pupils in mainstream schools in England with no missing data.
Exam grades are the May and June (end of year) examinations only. The English grade is the highest of English Literature and English Language if pupils
received grades for both. The gap is the gap in average grades between the ethnic minority group and White British pupils. Free school meals indicates if
a pupil is known to have been eligible for free school meals in the past six years. Neighbourhood deprivation is a rank based on the proportion of all
children aged 0 to 15 living in income deprived households in the pupil’s local area of residence (IDACI score). Prior attainment scores are standardised
by year and subject with mean zero and standard deviation of one. School value-added refers to how many average grades higher or lower the pupils in
that school achieve across eight qualifying GCSE subjects compared to pupils across the country who score comparatively at age 11. Standard errors in
parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.5 Mean grades by subject, group and year
WB PB I BA BC

Maths
2017 4.651 4.614 5.797 4.804 3.948

(2.003) (2.045) (2.063) (1.987) (1.883)
2018 4.699 4.655 5.813 4.809 3.829

(1.996) (2.037) (2.046) (1.978) (1.858)
2019 4.697 4.734 5.920 4.787 3.802

(1.995) (2.060) (2.071) (1.999) (1.826)
2020 4.974 5.111 6.287 5.177 4.279

(1.959) (2.011) (1.964) (1.908) (1.784)
N 1,326,331 109,634 48,111 58,848 24,388

English (highest)
2017 5.146 5.331 6.125 5.558 4.900

(1.898) (1.813) (1.767) (1.762) (1.786)
2018 5.132 5.296 6.088 5.525 4.761

(1.897) (1.819) (1.766) (1.772) (1.793)
2019 5.130 5.340 6.118 5.493 4.698

(1.899) (1.836) (1.793) (1.776) (1.761)
2020 5.326 5.475 6.273 5.585 4.976

(1.827) (1.754) (1.679) (1.683) (1.646)
N 1,326,331 109,634 48,111 58,848 24,388

English Literature
2017 4.720 4.986 5.810 5.253 4.550

(1.973) (1.910) (1.856) (1.837) (1.892)
2018 4.749 5.011 5.817 5.253 4.453

(1.971) (1.905) (1.839) (1.850) (1.898)
2019 4.790 5.100 5.853 5.232 4.420

(1.960) (1.900) (1.849) (1.826) (1.829)
2020 5.089 5.292 6.089 5.403 4.764

(1.881) (1.809) (1.724) (1.724) (1.702)
N 1,268,229 103,987 46,455 57,367 23,776

English Language
2017 4.758 4.809 5.548 4.942 4.387

(1.842) (1.730) (1.742) (1.695) (1.682)
2018 4.756 4.783 5.521 4.929 4.245

(1.838) (1.726) (1.740) (1.702) (1.658)
2019 4.754 4.822 5.593 4.928 4.207

(1.840) (1.767) (1.762) (1.725) (1.666)
2020 5.133 5.202 5.988 5.288 4.711

(1.803) (1.724) (1.670) (1.652) (1.605)
N 1,313,822 108,428 47,653 58,209 24,189

English mean
2017 4.731 4.892 5.676 5.095 4.462

(1.826) (1.726) (1.702) (1.663) (1.693)
2018 4.742 4.893 5.665 5.089 4.348

(1.825) (1.727) (1.697) (1.680) (1.691)
2019 4.756 4.945 5.710 5.077 4.306

(1.826) (1.750) (1.719) (1.687) (1.670)
2020 5.096 5.234 6.031 5.339 4.731

(1.807) (1.723) (1.654) (1.646) (1.609)
N 1,326,331 109,634 48,111 58,848 24,388

Notes: National Pupil Database, 2017 - 2020. ‘WB’ stands for White British, ‘P&B’ for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’
Black Caribbean. Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of
year) examinations only. Standard deviations in parentheses. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table A.6 Gelbach decomposition by English outcome
English Language English Literature

P&B I BA BC P&B I BA BC
Raw gap change 0.001 0.016 -0.020 0.125*** -0.108*** -0.063** -0.128*** 0.044

(0.021) (0.028) (0.023) (0.035) (0.023) (0.030) (0.024) (0.037)
Explained gap change 0.091*** 0.066*** 0.091*** 0.104*** 0.066*** 0.041* 0.070*** 0.092***

(0.019) (0.021) (0.019) (0.024) (0.022) (0.023) (0.021) (0.026)
Amount explained by:
Male 0.004 0.004 -0.003 0.006 0.004 0.006 -0.005 0.005

(0.003) (0.004) (0.004) (0.005) (0.003) (0.005) (0.004) (0.006)
Socio-economic status 0.008* 0.012*** 0.019*** 0.008 0.015*** 0.011*** 0.033*** 0.021***

(0.004) (0.003) (0.005) (0.006) (0.005) (0.004) (0.006) (0.007)
Special educational needs 0.006*** 0.010*** 0.007*** -0.002 0.004 0.004* 0.005** 0.001

(0.002) (0.002) (0.002) (0.004) (0.002) (0.002) (0.002) (0.004)
First language not English 0.027*** 0.022*** 0.017** 0.001 0.010 0.007 0.004 0.000

(0.009) (0.008) (0.007) (0.001) (0.011) (0.009) (0.008) (0.001)
Prior attainment (age 11) -0.001 0.037*** 0.030*** 0.045*** -0.009 0.032** 0.026** 0.036**

(0.010) (0.014) (0.012) (0.016) (0.011) (0.014) (0.012) (0.016)
School characteristics 0.035*** -0.017** 0.030*** 0.043*** 0.021** -0.023*** 0.012 0.020

(0.008) (0.008) (0.011) (0.012) (0.009) (0.008) (0.012) (0.013)
School value-added (lagged) 0.014* -0.002 -0.008 0.004 0.021* 0.005 -0.005 0.008

(0.008) (0.009) (0.008) (0.009) (0.011) (0.011) (0.010) (0.011)
Unexplained gap change -0.091*** -0.051** -0.111*** 0.021 -0.174*** -0.105*** -0.199*** -0.047

(0.020) (0.024) (0.020) (0.029) (0.022) (0.027) (0.023) (0.031)
N 924,345 881,399

Notes: National Pupil Database, 2017 - 2020. ‘P&B’ stands for Pakistani and Bangladeshi, ‘I’ Indian, ‘BA’ Black African, ‘BC’ Black Caribbean.
Sample comprises age 16 pupils in mainstream schools in England with no missing data. Exam grades are the May and June (end of year) examinations
only. The gap is the gap in average grades between the ethnic minority group and White British pupils. Socio-economic status includes free school meals
indicator and rank based on the proportion of all children aged 0 to 15 living in income deprived households in the pupil’s local area of residence (IDACI
score). Prior attainment (age 11) includes subject-specific age 11 attainment score, standardised by year with mean zero and standard deviation of one.
School characteristics are indicators for selectivity, urban, region (9 categories), and school governance type (4 categories), and continuous measures of
cohort size, proportion of pupils eligible for free school meals, and average neighbourhood deprivation (IDACI) score of the school. School value-added
refers to how many average grades higher or lower the pupils in that school achieve across eight qualifying GCSE subjects compared to pupils across the
country who score comparatively at age 11. Standard errors in parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%; ***
significant at 1%.



B Appendix for Chapter 2

B.1 Data and sample construction

B.1.1 Datasets used and years covered

Table B.1 SAIL Databank datasets used and years covered

Dataset Years available
Pupil (PLASC) 2003/04 – 2020/21
Attendance 2007/08 – 2018/19
Exclusions 2011/12 – 2019/20
Key Stage 1 2004/05 – 2010/11
Key Stage 2 2005/06 – 2018/19
Key Stage 4 2013/14 – 2018/19
Mergers 2002/03 – 2021/22
School 2003/04 – 2020/21
Pupil Teacher Ratio 2003/04 – 2020/21
Healthcare datasets 2003 - 2022

B.1.2 Data cleaning and variable construction

Sample selection

I begin with all pupils up to age 16 who are observed in the Pupil Level Annual School Census

(January collection) during all available years, 2003 to 2021. This contains 4,818,708 observations,

with each pupil observed for multiple years.

I retain pupils with school enrolment status “Current” or “Main” to remove duplicate entries by

pupil and year, dropping 22,152 observations (0.5%). Within the Education Wales datasets, pupils
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are anonymously identified using a unique identifier (IRN). I drop observations for which the same

IRN appears for multiple separate observations in the same year (20 observations, <0.001%), and

for multiple separate observations for the same age pupil (1,416 observations, 0.03%). I also drop

observations with the same IRN code but for which the age and year variables do not align throughout

the period for which the pupil is observed (5,331 observations, 0.1%).

In order to link pupils in the Education Wales dataset with further demographic and health data,

each pupil IRN code is matched to an ALF code using individuals’ forename, surname, date of birth,

sex, and postcode. I am able to link 100% of pupil IRN codes to a corresponding ALF code. Sometimes

multiple IRN codes refer to the same ALF code. In such cases I assume that they correspond to the

same pupil in all but two cases for which I recode the ALF code as missing: first, where the age and

year variables do not align throughout the period for which the pupil is observed (626 observations,

0.01%); second, if the age of the pupils is the same, suggesting that two different people may have

been linked to the same ALF code (1,714 observations, 0.04%). I merge the pupil-by-year dataset to

data on attendance, exclusions, and academic assessments, by IRN, year, and unique school identifier

(LAESTAB). I then link to school-level data by unique school identifier (LAESTAB) and year, and,

where possible, to demographic and healthcare data by ALF code (99.8%). My fully-linked sample at

the pupil level contains 443,859 individual pupils.

I retain pupils who are of school starting age (4) from the academic years 2001/02 and 2008/09

(291,811), and for whom I observe all relevant characteristics outlined in Table 2.1. I observe 248,125

(85.0%) complete cases for pupils at age 7 (Grade 2). 11.5% of pupils are dropped as they are not

observed at all at age 7. A further 1.26% are missing WIMD, and a further 2.7% missing at least

one demographic characteristic (sex, ethnicity, first language). I observe 238,436 (81.71%) complete

cases for pupils at ages 7 (Grade 2) and 11 (Grade 6). 15.26% of pupils are dropped because they

are not observed at both age 7 and age 11. A further 1.18% are missing WIMD, a further 1.1% are

missing demographic characteristics, a further 0.99% are missing KS2 CSI, and a further 0.35% just

attendance data. I observe 226,340 (77.56%) complete cases for pupils at ages 7 (Grade 2) and 16

(Grade 11). 20.04% of pupils are dropped because they are not observed at both age 7 and age 16. A

further 1.13% are missing WIMD, a further 0.89% are missing demographic characteristics, a further

0.36% are missing KS4 Level 2, and a further 0.65% just attendance. I observe 224,891 (77.07%)
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complete cases for pupils at ages 7 (Grade 2) and 16 and who are no longer of compulsory schooling

age (Grade 12, or equivalent). In addition to the above sample, a further 1,449 (0.494%) pupils are

dropped as they have no recorded WIMD at age 16/Grade 12, suggesting they may have moved out of

Wales. For the ADHD outcome, as not all General Practices submit data, I restrict the sample to pupils

who were registered with a contributing GP practice consistently from birth to age seven (47.43% of

the existing age 7 sample).

Finally, I remove from the samples any pupils who attend a special school at any age (1.50%).

This leaves the following final sample numbers. Age 7: 245,669 (84.19%). Age 11: 236,706 (81.12%).

Age 16: 225,744 (77.36%). Age 16 including sixth form: 224,300 (76.86%). Age 7 including GP

coverage: 141,098 (48.35%).

Variable construction

FSM refers to whether a pupil is recorded, by their school, as being in receipt of Free School Meals.

I code Pupil Special Educational Need (SEN) provision as a dichotomous variable, with codes “N”

(“No special provision” as zero and “A” (“School Action”), “P” (“School Action Plus”), “Q” (“School

Action Plus & Statutory Assessment”) and “S” (“Statemented”) as one.

Ethnicity data is coded using the valid ethnic background extended codes (see PLASC Technical

Completion notes). I code ethnicity as missing if it is missing or recorded as “REFU” (information

refused), or “NOBT” (information not obtained). I code as White British all pupils with recorded

ethnicity “WBRI”. I code as Asian and Mixed White and Asian all pupils with recorded ethnicity

beginning with A, beginning with C, “MWAS”, or “MWCH”. I code as Black and Mixed White

and Black all pupils with recorded ethnicity beginning with B, “MWBA”, or “MWBC”. Remaining

ethnicities are coded as Other Ethnic Groups. The male variable is coded as one if gender is recorded

as “M” and zero if “F”.

I code the language variable using both EALACQUISITION and HOMEWELSH. First, I create

a variable (“EAL”) which is equal to zero if EALACQUISITION is recorded as zero, and equal

to one if EALAQUISITION is recorded as “A” (“New to English”), “B” (“Early acquisition”), “C”

(“Developing competence”), “D” (“Competent”), or “E” (“Fluent”). I then code pupils’ language as

English if EAL is equal to zero, HOMEWELSH is equal to zero (“Does not speak Welsh at home”), or
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HOMEWELSH is equal to two (“Not applicable”). I code language as Non-Native if EAL is equal to

one, and as Welsh if HOMEWELSH is equal to one (“Speaks Welsh at home”).

I code a pupil as attending sixth form if they appear in the Pupil Level Annual School Census at

age 16, as the Pupil Level Annual School Census does not include Further Education colleges.

Where there are inconsistencies in the male, ethnicity or language variables within the same pupil

across years, I make these consistent. For male, I replace any inconsistent entries with the sex as coded

in the ALF table or, if unavailable, with the modal entry (or missing if two modes exist). For ethnicity,

I replace any inconsistent entries with the modal entry or missing if two modes exist. For language, I

replace any inconsistent entries with the modal entry or the maximum if two modes exist. This follows

the logic that pupils will likely be either Welsh or Non-Native first-language speakers if they have

been recorded as such as many times as they have been recorded as neither.

Attendance is a self-created measure, made by dividing the number of half day sessions that a pupil

has attended by the number of half day sessions that a school is open. Absences, whether authorised

or unauthorised, are not included in ‘attended’ sessions. I then standardise by year.

The exclusions variable measures unique fixed-term exclusions. Permanent exclusions (0.95%) are

not included.

The KS2 Core Subject Indicator (CSI) identifies pupils who achieve the expected level (Level 4)

or above, based on teacher assessments, in English or Welsh (first language), mathematics and science

in combination at the end of Key Stage 2, aged 11. I code “N” as zero and “Y” as one. If pupils have

multiple Key Stage 2 assessments at different ages, I retain the one completed at age 11 (dropping 771,

0.2%).

The KS4 Level 2 variable identifies pupils who achieve at least five GCSEs graded A* to C.

Over the period studied, a number of school merged, in particular Infant and Junior schools to

create Primary schools. To optimise the number of schools that I can observe consistently throughout

the treatment period, I treat these schools as one school. I therefore generate a new School ID variable

which is the same for schools before and after merging. I generate this variable using the MERGERS

data table. 13.5% of schools experienced a merger between 2004 and 2022.

Pupil-Teacher-Ratio (PTR) is used for descriptive purposes only. It is a self-created measure. From

the PTR table I measure the number of adults assigned to different groups of children. There are
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some challenges to using this data: Nursery and Reception classes are categorised as Key Stage “F”

and Grades 1 and 2 as Key Stage “1” until the national roll out of the Foundation Phase, when Key

Stage “F” expands to include Grade 1 (in 2011) and Grade 2 (in 2012). I therefore keep observations

with Key Stage “1” and grades “1”, “2”, or “M” (mixed), and drop the final cohort which would be

impacted by the definition change. I count the number of pupils in grades “1” and “2” by school and

year, and divide this number by the number of teachers assigned to any of the above categories. I

collapse the data by school and year. I then drop any schools with any resultant ratios above the legal

infant class size limit of 30 pupils (48%). My resultant sample contains 679 schools, 26 being Pilot

schools – 7 in Pilot Group 1a, 4 in Pilot Group 1b, 15 in Pilot Group 2.

The Welsh Index of Multiple Deprivation (WIMD) variable measures the decile of local resource

deprivation in the Lower Super Output Area (LSOA) of a pupils’ address of residence using the 2014

index. More information on the measures contained in the index can be found in Welsh Government

(2014). I use the Welsh Demographic Service Dataset to measure pupils’ WIMD of residence between

ages zero and 16.

The Attention Deficit Hyperactivity Disorder (ADHD) variable is generated using healthcare data

from hospitals and General Practices (GPs) in Wales. I used Read V2 to identify diagnoses of ADHD

in the General Practice dataset, and ICD-10 codes to identify diagnoses of ADHD in the Patient

Episode and Outpatient datasets. The precise codes used are documented in Appendix B.1.3.

School Value-Added is made by regressing KS4 Level 2 on KS2 CSI and adjusting for sex,

ethnicity, language, WIMD, FSM at age 15, PDG funding, and secondary school indicators, separately

by year. For each year, I then extract the coefficients for each secondary school and standardise.

B.1.3 Read v2 and ICD-10 diagnosis codes used to identify records of ADHD

in primary or secondary care

I use validated Read V.2 codes to identify children with primary care records for Attention Deficit

Hyperactivity Disorder (ADHD) – including diagnoses, symptoms and prescriptions – and ICD-10

diagnostic codes to identify children with secondary care records for ADHD. The code lists are

those used by John et al. (2022) and stored in the SAIL Databank Concept Library (C2708/9951 and

C2931/9919).



124

Table B.2 Read v2 and ICD-10 codes for ADHD diagnoses

Read v2 codes for ADHD diagnosis

Read v2 code Description

dw1I. concerta xl 27mg m/r tablets

dc11. *dexedrine 5mg tablets

dw42. GUANFACINE 1mg m/r tablets

dw25. strattera 60mg capsules

dw2y. atomoxetine 18mg capsules

dw13. *equasym 5mg tablets

E2E2. hyperkinetic conduct disorder

dw2w. atomoxetine 40mg capsules

dw1v. methylphenidate 36mg m/r tabs | methylphenidate hydrochloride 36mg m/r tablets

dw11. methylphenidate hcl 10mg tabs | methylphenidate hydrochloride 10mg tablets

E2E0. child attention deficit disord | child attention deficit disorder

dw1u. methylphenidate 30mg m/r caps | methylphenidate hydrochloride 30mg m/r capsules

dw21. strattera 10mg capsules

dw1B. *tranquilyn 20mg tablets

dw18. concerta xl 36mg m/r tablets

dc1w. dexamfetamine sulph 5mg tabs | dexamfetamine sulphate 5mg tablets

9Ngp. on drug therapy for adhd (attention deficit hyperactivity disorder)

8BPT. drug therapy for adhd (attention deficit hyperactivity disorder)

6A61. adhd annual review | attention deficit hyperactivity disorder annual review

dw44. GUANFACINE 2mg m/r tablets

Eu90z [x]hyperkinetic disorder, unsp | [x]hyperkinetic disorder, unspecified

E2E01 attention deficit +hyperactive | attention deficit with hyperactivity

Eu900 [x]disturbance activity/attntn | [x]disturbance of activity and attention

dw1J. medikinet 5mg tablets

dw3z. lisdexamfetamine dim 30mg caps | lisdexamfetamine dimesylate 30mg capsules

dw1.. methylphenidate

dw2v. atomoxetine 60mg capsules

dw1w. methylphenidate 18mg m/r tabs | methylphenidate hydrochloride 18mg m/r tablets

dw1C. equasym xl 10mg m/r capsules

9OlA. attention deficit hyperactivity disorder monitoring invitation third letter

E2E.. childhood hyperkinetic syndr. | childhood hyperkinetic syndrome

Eu901 [x]hyperkinetic conduct disord | [x]hyperkinetic conduct disorder

dw3y. lisdexamfetamine dim 50mg caps | lisdexamfetamine dimesylate 50mg capsules

dc14. *durophet 20mg m/r capsules

dw12. ritalin 10mg tablets

dw1q. methylphenidate 5mg m/r caps | methylphenidate hydrochloride 5mg m/r capsules

dw41. INTUNIV 1mg m/r tablets

dw1F. medikinet xl 20mg m/r capsules

dw47. INTUNIV 4mg m/r tablets
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dw4.. Guanfacine

dw2z. atomoxetine 10mg capsules

9Ol9. attention deficit hyperactivity disorder monitoring invitation second letter

dw43. INTUNIV 2mg m/r tablets

dw32. elvanse 50mg capsules

dw1L. medikinet 20mg tablets

E2E00 attention deficit-not hyperact | attention deficit without hyperactivity

9Ol8. attention deficit hyperactivity disorder monitoring invitation first letter

dw1y. methylphenidate hcl 5mg tabs | methylphenidate hydrochloride 5mg tablets

dw1D. equasym xl 30mg m/r capsules

9Ngp0 on stimulant drug therapy for adhd (attention deficit hyperactivity disorder)

8BPT0 stimulant drug therapy for adhd (attention deficit hyperactivity disorder)

dw2u. atomoxetine 80mg capsules

E2E0z child attent.deficit dis.nos | child attention deficit disorder nos

E2Ey. other hyperkinetic manifestat. | other hyperkinetic manifestation

dw17. concerta xl 18mg m/r tablets

dw2x. atomoxetine 25mg capsules

dw2.. atomoxetine

dw1r. methylphenidate 27mg m/r tabs | methylphenidate hydrochloride 27mg m/r tablets

dc13. *durophet 12.5mg m/r capsules

dw1M. medikinet xl 5mg m/r capsules

dw1E. medikinet xl 10mg m/r capsules

Eu90y [x]oth hyperkinetic disorders | [x]other hyperkinetic disorders

dw1t. methylphenidate 10mg m/r caps | methylphenidate hydrochloride 10mg m/r capsules

ZS91. attention deficil disorder

dw19. *tranquilyn 5mg tablets

dc1x. *dexamphetamine 7.5mg m/r caps | dexamphetamine sulphate 7.5mg m/r capsules

9Ngp1 on non-stimulant drug therapy for adhd (attention deficit hyperactivity disorder)

E2E1. hyperkinesis+development delay | hyperkinesis with developmental delay

dw46. GUANFACINE 3mg m/r tablets

Eu90. [x]hyperkinetic disorders

dw33. elvanse 70mg capsules

dw16. equasym xl 20mg m/r capsules

dw1A. *tranquilyn 10mg tablets

Eu902 [x]def atten motor cont percep | [x]deficits in attention, motor control and perception

dw1z. methylphenidate hcl 20mg tabs | methylphenidate hydrochloride 20mg tablets

dw1H. medikinet xl 40mg m/r capsules

dw3x. lisdexamfetamine dim 70mg caps | lisdexamfetamine dimesylate 70mg capsules

dw3.. lisdexamfetamine

dc1y. *dexamphetamine 12.5mg caps | dexamphetamine sulphate 12.5mg m/r capsules

dw15. *equasym 10mg tablets

dw45. INTUNIV 3mg m/r tablets
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dw26. strattera 80mg capsules

dw1K. medikinet 10mg tablets

dc1.. dexamfetamine sulphate

E2Ez. hyperkinetic syndrome nos

dw22. strattera 18mg capsules

dw1G. medikinet xl 30mg m/r capsules

dw14. *equasym 20mg tablets

dw24. strattera 40mg capsules

dc1z. *dexamphetamine 20mg m/r caps | dexamphetamine sulphate 20mg m/r capsules

dw23. strattera 25mg capsules

Eu9y7 [x]attention deficit disorder

dw48. GUANFACINE 4mg m/r tablets

dc12. *durophet 7.5mg m/r capsules

dw1x. methylphenidate 20mg m/r caps | methylphenidate hydrochloride 20mg m/r capsules

dw31. elvanse 30mg capsules

8BPT1 non-stimulant drug therapy for adhd (attention deficit hyperactivity disorder)

dw1s. methylphenidate 40mg m/r caps | methylphenidate hydrochloride 40mg m/r capsules

ICD-10 diagnosis codes for ADHD

ICD-10 code Description

F90.1 hyperkinetic conduct disorder

F90.9 hyperkinetic disorder, unspecified

ICD10 DESCRIPTION

F90.0 disturbance of activity and attention

F90.2 attention-deficit hyperactivity disorder, combined type

F90.8 other hyperkinetic disorders

F90 hyperkinetic disorders
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B.2 Supplementary tables and figures

Table B.3 Mobility rates for pupils during selected years in Primary school
(1) (2) (3)

Mobility rate ages 5 to 6 Mobility rate ages 5 to 6 Mobility rate ages 6 to 7

Pilot group 0.00430 0.00724
(0.00341) (0.00457)

Pilot group # Post -0.00625
(0.00555)

Primary merge 0.0243***
(0.00247)

Constant 0.0451*** 0.0451*** 0.0355***
(0.000863) (0.000863) (0.000815)

Mean 0.0453 0.0453 0.0412
N 210319 210319 241840

Notes: SAIL Databank data. Sample comprises pupils who attend mainstream schools in Wales and have no missing data. Table shows the results from
regressions estimating the mobility rate of pupils between Primary schools at different ages. In columns (1) and (2) mobility is defined as a pupil’s
registered school in the January school census when they are five years old (Grade 1) being different to their registered school in the January school
census when they are six years old (Grade 2), accounting for school mergers. In column (3) it is the same but for ages six and seven. The variable
‘Primary merge’ indicates schools which merge at some point during the years observed. The sample in columns 1 and 2 is a sub-sample of pupils who
can be observed from age five. Standard errors in parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at
1%.
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Figure B.1 Pre-trends graphs by pilot group

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream
schools in Wales and have no missing data. Estimates from equation 2.2 on never-treated and pre-treated
observations of pupils in treated schools only. Additional controls in underlying regression: gender,
ethnicity, language, Welsh Index of Multiple Deprivation at age six, Free School Meal eligibility at the age
of measurement, Free School Meal eligibility at the age of measurement interacted with Pupil Deprivation
Grant funding, Primary school fixed effects, year fixed effects. Standard errors clustered at the school level.
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Table B.4 Tests for parallel pre-trends by pilot group
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Pilot group 1a
2 year horizon

F 1.657 0.741 0.478 0.349
P(F) 0.198 0.390 0.489 0.555

N 225832 225832 159462 189277 188049

Pilot Group 1b
2 year horizon

F 4.163 1.798 0.029 1.781 0.118
P(F) 0.042 0.180 0.865 0.182 0.731

3 year horizon
F 2.089 1.444 1.095 6.901

P(F) 0.124 0.236 0.335 0.001

N 226090 226090 159712 189512 188282

Pilot Group 2
2 year horizon

F 2.628 0.102 0.432 0.002 0.000
P(F) 0.105 0.750 0.511 0.962 0.982

3 year horizon
F 1.352 0.735 0.216 0.024 0.015

P(F) 0.259 0.480 0.806 0.976 0.986
4 year horizon

F 2.303 0.501 0.466 0.016 0.016
P(F) 0.075 0.682 0.706 0.997 0.997

5 year horizon
F 1.806 0.396 0.367 0.015 0.046

P(F) 0.125 0.811 0.832 1.000 0.996
6 year horizon

F 1.445 0.475 0.020 0.039
P(F) 0.205 0.795 1.000 0.999

N 230691 230691 163377 193839 192588

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Pilot schools are split into Groups 1a, 1b and 2, which each implement the Foundation Phase in different years. Estimates are from equation 2.2 on
never-treated and pre-treated observations of pupils in treated schools only. Additional controls in underlying regression: gender, ethnicity, language,
Welsh Index of Multiple Deprivation at age six, Free School Meal eligibility at the age of measurement, Free School Meal eligibility at the age of
measurement interacted with Pupil Deprivation Grant funding, Primary school fixed effects, year fixed effects. Standard errors clustered at the school
level.
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Table B.5 Main results using TWFE estimator
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Original estimator: BJS
Treatment Effect (ATT) 0.014 -0.019 -0.014 0.002 -0.017

(0.012) (0.031) (0.015) (0.006) (0.018)

Mean 0.831 0.020 0.690 0.037 0.408
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 236706 236706 167190 198211 196934

Additional estimator: TWFE
Treatment Effect (ATT) 0.022 -0.010 -0.004 0.001 -0.017

(0.012) (0.032) (0.015) (0.006) (0.014)

Mean 0.831 0.020 0.690 0.037 0.408
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 236706 236706 167190 198211 196934

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Original estimates are from equation (2.1) using the BJS (Borusyak, Jaravel and Spiess) estimator outlined in Borusyak et al. (2024). Additional estimates
are from equation (2.1) using a TWFE (Two Way Fixed Effects) estimator. Controls: gender, ethnicity, language, Welsh Index of Multiple Deprivation at
age six, Free School Meal eligibility at the age of measurement, Free School Meal eligibility at the age of measurement interacted with Pupil Deprivation
Grant funding, Primary school fixed effects, year fixed effects. Standard errors in parentheses, clustered at the school level. * Significant at 10%; **
significant at 5%; *** significant at 1%.
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Table B.6 Tests for compositional change by sample and pupil characteristic

Age 6 Age 11 Age 16
Age 16 with
sixth form

Age 7 with
GP data

Sex
Male 0.017 0.016 0.015 0.015 0.012

(0.013) (0.013) (0.013) (0.013) (0.017)
Ethnicity

White British -0.010 -0.011 -0.010 -0.010 -0.009
(0.010) (0.009) (0.009) (0.009) (0.010)

Asian and Mixed White and Asian 0.003 0.006 0.008 0.009 0.006
(0.004) (0.007) (0.008) (0.008) (0.009)

Black and Mixed White and Black -0.009* -0.008* -0.010* -0.010* -0.004
(0.005) (0.004) (0.006) (0.006) (0.003)

Other Ethnic Groups 0.016 0.013 0.011 0.011 0.007
(0.011) (0.008) (0.008) (0.008) (0.005)

First language
English -0.005 -0.007 -0.003 -0.004 -0.002

(0.016) (0.015) (0.015) (0.015) (0.012)
Welsh -0.008 -0.008 -0.009 -0.009 -0.007

(0.012) (0.011) (0.011) (0.011) (0.009)
Non-Native 0.013 0.014* 0.013 0.013 0.009

(0.009) (0.008) (0.008) (0.008) (0.008)

Free School Meals at age six -0.017 -0.014 -0.015 -0.016 -0.002
(0.019) (0.017) (0.016) (0.017) (0.015)

WIMD decile at age six
(Least deprived) 1 -0.000 -0.001 -0.001 -0.001 -0.005

(0.004) (0.004) (0.004) (0.004) (0.007)
2 -0.003 -0.003 -0.003 -0.002 -0.007

(0.004) (0.004) (0.004) (0.004) (0.006)
3 -0.005 -0.006 -0.007 -0.007 -0.012

(0.006) (0.006) (0.006) (0.006) (0.007)
4 0.008 0.009 0.010 0.010 0.007

(0.007) (0.007) (0.007) (0.007) (0.006)
5 0.008* 0.007* 0.008* 0.008* 0.010*

(0.004) (0.004) (0.004) (0.004) (0.006)
6 -0.017** -0.016** -0.017** -0.016** -0.013*

(0.006) (0.007) (0.006) (0.006) (0.007)
7 -0.003 -0.003 -0.002 -0.003 0.001

(0.004) (0.004) (0.004) (0.004) (0.010)
8 0.007 0.010** 0.010* 0.010* 0.005

(0.005) (0.005) (0.005) (0.005) (0.007)
9 0.017** 0.014* 0.015** 0.016** 0.012

(0.007) (0.007) (0.007) (0.007) (0.009)
(Most deprived) 10 -0.012* -0.011* -0.012** -0.013** 0.003

(0.006) (0.006) (0.005) (0.006) (0.008)

N 245699 236706 225744 224300 141098

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Estimates from equation (2.1) using the estimator proposed by Borusyak et al. (2024) but using each characteristic as the outcome variable and only
Primary school fixed effects and year fixed effects as controls. Column headers refer to different samples used for analyses. WIMD stands for the Welsh
Index of Multiple Deprivation of the pupil’s home address, 2014 index, which combines data on eight domains of income, employment, health, education,
access to services, community safety, physical environment, and housing. Standard errors in parentheses, clustered at the school level. * Significant at
10%; ** significant at 5%; *** significant at 1%.
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Table B.7 Non-attrition rates by sample
(1) (2) (3)

Pilot Group Rest of Wales Test
Age 11

Non-attritted 0.960 0.964 -0.004**
(0.187) (0.196)

N 11443 225263 236706
N of which treated 4619 0 4619
Schools 42 1344 1388

Age 16
Non-attritted 0.904 0.920 -0.016***

(0.272) (0.295)

N 10770 214974 225744
N of which treated 4314 0 4314
Schools 42 1344 1388

Age 16 with sixthform
Non-attritted 0.898 0.914 -0.015***

(0.281) (0.302)

N 10708 213592 224300
N of which treated 4286 0 4286
Schools 42 1344 1388

Age 7 with GP data
Non-attritted 0.560 0.575 -0.015***

(0.494) (0.496)

N 6675 134423 141098
N of which treated 2996 0 2996
Schools 42 1302 1346

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Columns 1 and 2 report the proportion of observations which were in the baseline sample at age six and are still observed at the given age. Standard
errors in parentheses, clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table B.8 Tests for parallel pre-trends and ATT estimates for sample excluding Flying Start cohort
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Panel A: Pre-Trends Tests
2 year horizon

F 0.207 0.203 0.443 0.335 0.228
P(F) 0.649 0.653 0.506 0.563 0.633

3 year horizon
F 0.159 1.042 0.222 0.202 0.813

P(F) 0.853 0.353 0.801 0.817 0.444
4 year horizon

F 1.503 0.697 0.463 0.147 0.565
P(F) 0.212 0.554 0.708 0.932 0.638

5 year horizon
F 1.144 0.567 0.363 0.118 0.451

P(F) 0.334 0.686 0.835 0.976 0.772
6 year horizon

F 0.964 0.601 0.106 0.377
P(F) 0.438 0.699 0.991 0.865

N 204163 204163 164159 195180 193921
Panel B: ATT Estimates
Treatment Effect (ATT) 0.006 -0.019 -0.014 0.002 -0.017

(0.012) (0.032) (0.015) (0.006) (0.018)

Mean 0.821 0.021 0.690 0.037 0.408
Proportion treated 0.049 0.049 0.048 0.048 0.048

N 207408 207408 167190 198211 196934

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Sample also excludes the final cohort. Panel 1 estimates are from equation (2.2) on never-treated and pre-treated observations of pupils in treated schools
only. Panel two estimates from equation (2.1) using the estimator proposed by Borusyak et al. (2024). Additional controls in underlying regression:
gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six, Free School Meal eligibility at the age of measurement, Free School Meal
eligibility at the age of measurement interacted with Pupil Deprivation Grant funding, Primary school fixed effects, year fixed effects. Standard errors
clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table B.9 Tests for parallel pre-trends and ATT estimates for combined Pilot Group 1a and Pilot Group 1b
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Panel A: Pre-Trends Tests
2 year horizon

F 0.617 0.254 0.336 0.018 0.045
P(F) 0.432 0.614 0.562 0.892 0.832

3 year horizon
F 0.309 0.445 0.168 0.149 0.510

P(F) 0.734 0.641 0.845 0.862 0.601
4 year horizon

F 1.658 0.297 0.418 0.100 0.356
P(F) 0.174 0.828 0.740 0.960 0.785

5 year horizon
F 1.246 0.258 0.327 0.083 0.290

P(F) 0.289 0.905 0.860 0.988 0.885
6 year horizon

F 1.010 0.445 0.078 0.232
P(F) 0.410 0.817 0.996 0.949

N 232356 232356 164422 195443 194183
Panel B: ATT Estimates
Treatment Effect (ATT) 0.013 -0.004 -0.013 -0.001 -0.022

(0.012) (0.030) (0.015) (0.006) (0.017)

Mean 0.831 0.020 0.690 0.037 0.408
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 236706 236706 167190 198211 196934

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Pilot Groups 1a and 1b combined and assumed to introduce the Foundation Phase at the same time as Pilot Group 1b. Panel 1 estimates are from equation
(2.2) on never-treated and pre-treated observations of pupils in treated schools only. Panel two estimates from equation (2.1) using the estimator proposed
by Borusyak et al. (2024). Additional controls in underlying regression: gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six,
Free School Meal eligibility at the age of measurement, Free School Meal eligibility at the age of measurement interacted with Pupil Deprivation Grant
funding, Primary school fixed effects, year fixed effects. Standard errors clustered at the school level. * Significant at 10%; ** significant at 5%; ***
significant at 1%.
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Table B.10 Tests for parallel pre-trends and ATT estimates for sample treated ages five to seven
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Panel A: Pre-Trends Tests
2 year horizon

F 0.002 0.203 0.482 0.101 0.109
P(F) 0.968 0.652 0.488 0.751 0.742

3 year horizon
F 0.263 1.212 0.289 0.083 0.058

P(F) 0.769 0.298 0.749 0.920 0.943
4 year horizon

F 1.730 0.832 0.874 0.069 0.057
P(F) 0.159 0.476 0.454 0.976 0.982

5 year horizon
F 1.304 0.624 0.665 0.054 0.054

P(F) 0.266 0.646 0.617 0.995 0.994
6 year horizon

F 1.304 0.624 0.054 0.054
P(F) 0.266 0.646 0.995 0.994

N 189663 189663 155513 155513 154522
Panel B: ATT Estimates
Treatment Effect (ATT) 0.015 -0.018 -0.015 0.007 -0.021

(0.011) (0.034) (0.015) (0.005) (0.022)

Mean 0.845 0.032 0.696 0.035 0.407
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 194034 194034 158405 158405 157398

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Sample also restricted to pupils who can be observed at age five and do not move school between ages five and six. Panel 1 estimates are from equation
(2.2) on never-treated and pre-treated observations of pupils in treated schools only. Panel two estimates from equation (2.1) using the estimator proposed
by Borusyak et al. (2024). Additional controls in underlying regression: gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six,
Free School Meal eligibility at the age of measurement, Free School Meal eligibility at the age of measurement interacted with Pupil Deprivation Grant
funding, Primary school fixed effects, year fixed effects. Standard errors clustered at the school level. * Significant at 10%; ** significant at 5%; ***
significant at 1%.
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Table B.11 Tests for parallel pre-trends and ATT estimates for balanced sample of Primary schools
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Panel A: Pre-Trends Tests
2 year horizon

F 0.260 0.348 0.203 0.178 0.147
P(F) 0.610 0.555 0.652 0.673 0.701

3 year horizon
F 0.589 1.037 0.102 0.123 0.980

P(F) 0.555 0.355 0.903 0.884 0.376
4 year horizon

F 1.735 0.698 0.369 0.092 0.681
P(F) 0.158 0.553 0.776 0.964 0.564

5 year horizon
F 1.312 0.580 0.291 0.074 0.532

P(F) 0.263 0.678 0.884 0.990 0.712
6 year horizon

F 1.126 0.615 0.073 0.441
P(F) 0.344 0.689 0.996 0.820

N 227614 227614 161138 191354 190132
Panel B: ATT Estimates
Treatment Effect (ATT) 0.014 -0.017 -0.021 0.001 -0.020

(0.012) (0.032) (0.014) (0.006) (0.019)

Mean 0.832 0.021 0.691 0.037 0.409
Proportion treated 0.048 0.048 0.048 0.048 0.048

N 232126 232126 164061 194277 193038

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Sample also restricted to balanced Primary schools. Panel 1 estimates are from equation (2.2) on never-treated and pre-treated observations of pupils in
treated schools only. Panel two estimates from equation (2.1) using the estimator proposed by Borusyak et al. (2024). Additional controls in underlying
regression: gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six, Free School Meal eligibility at the age of measurement, Free
School Meal eligibility at the age of measurement interacted with Pupil Deprivation Grant funding, Primary school fixed effects, year fixed effects.
Standard errors clustered at the school level. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table B.12 Tests for parallel pre-trends and ATT estimates for sample excluding merger schools
(1) (2) (3) (4) (5)

Age 11: Core
Subject

Indicator

Age 11: School
Attendance

(Standardised)

Age 16: 5 GCSE
Passes

Age 16:
Excluded

Age 16: Starts
Sixth Form

Panel A: Pre-Trends Tests
2 year horizon

F 1.283 0.275 1.168 0.424 0.270
P(F) 0.258 0.600 0.280 0.515 0.603

3 year horizon
F 0.707 2.022 1.481 0.365 0.191

P(F) 0.493 0.133 0.228 0.695 0.826
4 year horizon

F 3.094 1.517 1.010 0.244 0.155
P(F) 0.026 0.208 0.388 0.866 0.927

5 year horizon
F 2.537 1.183 1.061 0.183 0.396

P(F) 0.039 0.317 0.375 0.947 0.812
6 year horizon

F 2.707 0.947 0.268 0.346
P(F) 0.019 0.449 0.931 0.885

N 176780 176780 124131 147235 146274
Panel B: ATT Estimates
Treatment Effect (ATT) 0.012 -0.021 -0.025 0.001 -0.023

(0.013) (0.038) (0.019) (0.008) (0.021)

Mean 0.838 0.041 0.706 0.035 0.428
Proportion treated 0.045 0.045 0.045 0.045 0.045

N 180386 180386 126478 149582 148604

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing data.
Sample also restricted to Primary schools which do not experience school mergers during the years observed. Panel 1 estimates are from equation (2.2)
on never-treated and pre-treated observations of pupils in treated schools only. Panel two estimates from equation (2.1) using the estimator proposed
by Borusyak et al. (2024). Additional controls in underlying regression: gender, ethnicity, language, Welsh Index of Multiple Deprivation at age six,
Free School Meal eligibility at the age of measurement, Free School Meal eligibility at the age of measurement interacted with Pupil Deprivation Grant
funding, Primary school fixed effects, year fixed effects. Standard errors clustered at the school level. * Significant at 10%; ** significant at 5%; ***
significant at 1%.
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Table B.13 Tests for parallel pre-trends and ATT estimates for additional outcomes
(1) (2) (3) (4)

Age 7: Special
Educational

Need

Age 7: ADHD
Diagnosis

Age 7: ADHD
Diagnosis
(Excluding

OPDW)

Age 16: School
Value-Added

(Standardised)

Panel A: Pre-Trends Tests
2 year horizon

F 0.091 1.323 1.323 0.009
P(F) 0.762 0.250 0.250 0.925

3 year horizon
F 0.078 1.019 1.019 0.006

P(F) 0.925 0.361 0.361 0.994
4 year horizon

F 0.090 0.716 0.716 0.196
P(F) 0.965 0.542 0.542 0.899

5 year horizon
F 0.143 1.063 1.063 0.147

P(F) 0.966 0.374 0.374 0.964
6 year horizon

F 0.470 4.542 4.532 0.147
P(F) 0.799 0.000 0.000 0.964

N 240797 138102 138102 164159
Panel B: ATT Estimates

Treatment Effect (ATT) 0.005 -0.000 -0.000 0.124
(0.020) (0.002) (0.002) (0.118)

Mean 0.270 0.006 0.006 -0.000
Proportion treated 0.049 0.047 0.047 0.048

N 245669 141098 141098 167190

Notes: SAIL Databank data. Sample comprises pupils who can be observed from age six, attend mainstream schools in Wales and have no missing
data. ADHD stands for Attention Deficit Hyperactivity Disorder. OPDW stands for the Outpatient Database for Wales, excluded as a sensitivity check
because diagnosis codes in these data are less reliable than the other healthcare datasets. School Value-Added is a self generated measure (see Appendix
B.1.2). Panel 1 estimates are from equation (2.2) on never-treated and pre-treated observations of pupils in treated schools only. Panel two estimates from
equation (2.1) using the estimator proposed by Borusyak et al. (2024). Additional controls in underlying regression: gender, ethnicity, language, Welsh
Index of Multiple Deprivation at age six, Free School Meal eligibility at the age of measurement, Free School Meal eligibility at the age of measurement
(FSM) interacted with Pupil Deprivation Grant funding, Primary school fixed effects, year fixed effects. Standard errors clustered at the school level. *
Significant at 10%; ** significant at 5%; *** significant at 1%.



C Appendix for Chapter 3

Table C.1 Categorisation of reason for exclusion
Category Reason for exclusion
Disruptive behaviour DB = Persistent disruptive behaviour

PP = Physical assault against a pupilPhysical PA = Physical assault against an adult
VP = Verbal abuse/threatening behaviour against a pupil
VA = Verbal abuse/threatening behaviour against an adult
BU = BullyingVerbal

RA = Racist abuse
SM = Sexual misconduct
DA = Drug and alcohol related
DM = DamageIllicit

TH = Theft
Other OT = Other
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Table C.2 Mean exclusion and absence sessions per year by pupil characteristics
Exclusion sessions Absence sessions

Mean Standard deviation Mean Standard deviation

Female 0.122 1.590 3.019 11.437
Male 0.337 2.713 2.974 11.386

Ever-Special Educational Need 0.524 3.455 4.723 15.860
Never-Special Educational Need 0.085 1.211 2.134 8.214

Language English 0.247 2.330 2.945 11.793
Language Not English 0.146 1.610 3.251 9.052

Ethnicity:
White 0.237 2.294 2.864 11.783
Pakistani & Bangladeshi 0.155 1.617 3.645 9.139
Indian 0.058 0.957 2.069 6.669
Asian Other 0.118 1.465 2.517 8.829
Black African 0.256 2.158 2.162 7.140
Black Caribbean 0.524 3.361 4.429 13.239
Black Other 0.349 2.615 3.223 10.027
Chinese 0.030 0.686 1.287 5.124
Gypsy, Roma and Traveller 0.815 4.455 17.282 28.368
Other 0.173 1.838 3.541 10.584

Ever-Free School Meals 0.477 3.293 5.951 17.256
Never-Free School Meals 0.136 1.644 1.855 7.800

IDACI quintile 1 (least deprived) 0.098 1.361 1.309 6.373
IDACI quintile 2 0.146 1.702 1.876 8.315
IDACI quintile 3 0.216 2.109 2.768 10.697
IDACI quintile 4 0.302 2.582 3.917 13.110
IDACI quintile 5 (most deprived) 0.394 3.008 5.112 15.676

Prior attainment: Low 0.387 2.894 4.192 13.936
Prior attainment: Medium 0.180 1.872 2.468 9.626
Prior attainment: High 0.071 1.112 1.368 6.264

N 73,952,708

Notes: National Pupil Database, 2007 - 2019. Unrestricted sample, all grades. Exclusions are temporary
exclusions only. Absences are unauthorised absences only. Sample size: 73,952,708. IDACI stands for
the Income Deprivation affecting Children Index, and is neighbourhood-based measure of the proportion
of all children aged 0 to 15 living in income deprived families. Prior attainment terciles are derived using
average age 11 test scores in English and maths, standardised by year.
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Table C.3 Sample cohort distribution
Younger sibling Older sibling

Year Grade 8 Grade 9 Grade 10 Grade 8 Grade 9 Grade 10
2010 0 0 0 104106 0 0
2011 0 0 0 71,530 76047 0
2012 13,987 0 0 37,513 57968 63186
2013 52,242 13195 0 88,084 59210 86973
2014 59,976 42450 12278 84,474 80252 57891
2015 69,160 57680 51333 63,437 62124 53598
2016 80,731 71512 66462 33403 34711 28227
2017 98,001 81001 75238 0 0 0
2018 108,450 104474 84564 0 0 0

N 1,142,734

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two
siblings per family and year, attending a mainstream Secondary school, with no
missing covariates, with at least a two year grade gap, and observed in grades 8, 9
or 10.
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Table C.4 Sample means by grade and sibling type
Combined Grade 8 Grade 9 Grade 10

Panel A: Exclusion (sessions)
Younger sibling 0.376 0.318 0.404 0.437

(2.76) (2.60) (2.87) (2.87)
Older sibling 0.257 0.209 0.278 0.310

(2.11) (1.94) (2.22) (2.25)
Panel B: Absence (sessions)
Younger sibling 3.14 2.61 3.26 3.87

(12.33) (10.34) (12.59) (14.76)
Older sibling 2.26 1.93 2.33 2.74

(9.30) (7.58) (9.44) (11.46)

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest
two siblings per family and year, attending a mainstream Secondary school, with
no missing covariates, with at least a two year grade gap, and observed in grades
8, 9 or 10. Exclusions are temporary exclusions only. Absences are unauthorised
absences only. One session is half a school day.
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Figure C.1 Distribution of outcome variables (younger siblings only)
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Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family
and year, attending a mainstream Secondary school, with no missing covariates, with at least a two year
grade gap, and observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences are
unauthorised absences only. One session is half a school day. Sample size: 1,142,734.
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Table C.5 Sibling spillover effects: Main estimates by grade
Outcome: Exclusion (sessions)

Grade 8 Grade 9 Grade 10
OLS 2SLS OLS 2SLS OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.099*** 0.087 0.108*** 0.016 0.079*** -0.017
(0.009) (0.107) (0.013) (0.097) (0.008) (0.088)

First-stage coefficient 0.164*** 0.190*** 0.190***
(0.021) (0.021) (0.022)

F-test first stage 58.87 79.55 73.60
Stock-Yogo Critical Value 16.38 16.38 16.38
Endogeneity test 0.014 0.934 1.14
Endogeneity test p-value 0.907 0.334 0.285

Year fixed effects ✓ ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓ ✓ ✓

Individual and family controls ✓ ✓ ✓ ✓ ✓ ✓
School peer behaviour controls ✓ ✓ ✓ ✓ ✓ ✓

Observations 482,547 370,312 289,875
Outcome: Absence (sessions)

Grade 8 Grade 9 Grade 10
OLS 2SLS OLS 2SLS OLS 2SLS
(7) (8) (9) (10) (11) (12)

Spillover effect 0.313*** 0.274*** 0.316*** 0.181 0.329*** 0.161
(0.009) (0.099) (0.010) (0.143) (0.011) (0.162)

First-stage coefficient 0.125*** 0.097*** 0.090***
(0.011) (0.012) (0.015)

F-test first stage 121.26 63.20 36.49
Stock-Yogo Critical Value 16.38 16.38 16.38
Endogeneity test 0.151 0.911 1.07
Endogeneity test p-value 0.698 0.340 0.302

Year fixed effects ✓ ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓ ✓ ✓

Individual and family controls ✓ ✓ ✓ ✓ ✓ ✓
School peer behaviour controls ✓ ✓ ✓ ✓ ✓ ✓

Observations 482,547 370,312 289,875

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year,
attending a mainstream Secondary school, with no missing covariates, with at least a two year grade gap, and
observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences are unauthorised absences only.
One session is half a school day. The individual and family controls are prior attainment at age 11 (standardised),
Free School Meals eligibility, whether first language is English, sibship sex combination, and sibship age gap.
The school peer behaviour controls are three-year rolling averages of homogeneous peers’ misbehaviour for both
siblings, and the younger sibling’s own homogeneous peers’ average misbehaviour. The instrumental variable
is the average misbehaviour of the older sibling’s homogeneous peers. All peer measures are constructed using
take-one-out means. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table C.6 First stage estimates by older sibling prior attainment and gender groups
Outcome: Exclusion (sessions)

Prior attainment group: Low Medium High
Gender: Female Male Female Male Female Male

(1) (2) (3) (4) (5) (6)

First-stage coefficient 0.197*** 0.201*** 0.122*** 0.200*** 0.066*** 0.137***
(0.032) (0.021) (0.024) (0.032) (0.020) (0.023)

F-test first stage 38.76 38.63 34.36 26.68 10.79 34.36
Stock-Yogo Critical Value (10%) 16.38 16.38 16.38 16.38 16.38 16.38

Observations 167,996 178,063 189,201 192,691 207,301 207,482
Outcome: Absence (sessions)

Prior attainment group: Low Medium High
Gender: Female Male Female Male Female Male

(7) (8) (9) (10) (11) (12)

First-stage coefficient 0.093*** 0.128*** 0.089*** 0.114*** 0.077*** 0.092***
(0.017) (0.021) (0.019) (0.019) (0.016) (0.022)

F-test first stage 38.41 31.86 22.62 34.32 22.54 17.02
Stock-Yogo Critical Value (10%) 16.38 16.38 16.38 16.38 16.38 16.38

Observations 167,996 178,063 189,201 192,691 207,301 207,482

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year, attending a
mainstream Secondary school, with no missing covariates, with at least a two year grade gap, and observed in grades 8, 9 or
10. Exclusions are temporary exclusions only. Absences are unauthorised absences only. One session is half a school day.
The individual and family controls are prior attainment at age 11 (standardised), Free School Meals eligibility, whether first
language is English, sibship sex combination, and sibship age gap. The school peer behaviour controls are three-year rolling
averages of homogeneous peers’ misbehaviour for both siblings, and the younger sibling’s own homogeneous peers’ average
misbehaviour. The instrumental variable is the average misbehaviour of the older sibling’s homogeneous peers. All peer
measures are constructed using take-one-out means. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Table C.7 Main estimates: Poisson models
Outcome: Exclusion (sessions)

OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.023*** 0.023*** 0.023*** 0.016*** 0.010*** -0.000***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.000)

Year fixed effects ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓

Individual and family controls ✓ ✓ ✓
School peer behaviour controls ✓ ✓

Observations 1,142,734
Outcome: Absence (sessions)

OLS 2SLS
(1) (2) (3) (4) (5) (6)

Spillover effect 0.057*** 0.057*** 0.056*** 0.041*** 0.039*** 0.041***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.011)

Year fixed effects ✓ ✓ ✓ ✓ ✓
Grade fixed effects ✓ ✓ ✓ ✓

Individual and family controls ✓ ✓ ✓
School peer behaviour controls ✓ ✓

Observations 1,142,734

Notes: National Pupil Database, 2007 - 2019. Sample is restricted to the eldest two siblings per family and year,
attending a mainstream Secondary school, with no missing covariates, with at least a two year grade gap, and
observed in grades 8, 9 or 10. Exclusions are temporary exclusions only. Absences are unauthorised absences only.
One session is half a school day. The individual and family controls are prior attainment at age 11 (standardised),
Free School Meals eligibility, whether first language is English, sibship sex combination, and sibship age gap. The
school peer behaviour controls are three-year rolling averages of homogeneous peers’ misbehaviour for both siblings,
and the younger sibling’s own homogeneous peers’ average misbehaviour. The instrumental variable is the average
misbehaviour of the older sibling’s homogeneous peers. All peer measures are constructed using take-one-out means.
Note that in the instrumental variable estimation for the exclusions outcome (column 6 in the top panel) some
parameters were not identified. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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