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A B S T R A C T

This paper disentangles the effect of selective schooling on long-term human capital from that of individual
background. The study design proxies entry test scores for selective secondary schools in England with
historical data, estimating discontinuities in school assignment directly from the data. We find that, for the
marginal admitted student, selective school attendance positively affects educational attainment. Adult labour
market and health outcomes are not affected for the marginal admitted student. The effect on educational
outcomes is conditional on having a favourable background, and partly explained by higher-ability peers and
single-sex schools.
1. Introduction

In 2018, the UK government announced the first £50 million round
of a £200 million fund for an expansion of existing grammar schools,
public and selective high-quality institutions. Proponents of tracking
policies, that allocate students to different classes or schools on the
basis of ability, maintain that they reward talent regardless of socio-
economic background. Opponents, on the other hand, are concerned
that selectivity is skewed in favour of children from affluent back-
grounds and children whose ability develops earlier, since they are
disproportionately likely to do well in entry tests.

Being assigned to a selective school could affect long-term outcomes
through higher peer ability, or through a curriculum with more aca-
demic content, which could facilitate later admission to better higher
education. Moreover, there is evidence that more qualified teachers
seek schools with higher ability pupils and that better resources are
allocated to these schools (Pop-Eleches and Urquiola, 2013). Recognis-
ing its relevance to the current policy context, this paper explores the
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medium- and long-term effect of going to grammar school, compared
to its main alternative within a selective system, on a broad range
of human capital and health outcomes for individuals of similar prior
ability. The analysis is based on data from the National Child Develop-
ment Study (NCDS), a British cohort study of individuals born in March
1958, who started secondary school in 1969 and whose lives have been
followed for over 60 years.

The literature looking at the effects of selective schooling can be
divided into two main strands. A first set of studies compares selective
and non-selective systems, generally finding no difference in average
outcomes, but instead a link between selection and inequality in ed-
ucation and earnings (Atkinson et al., 2006; Burgess et al., 2020).
The second set of studies on the effect of selective education has
estimated a local average treatment effect for the marginal admitted
student, based on regression discontinuity design approaches (Clark,
2010; Del Bono and Clark, 2016; Guyon et al., 2012). Due to data
limitations, this second approach has not been implemented before
with English country-wide data.
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We use an instrumental variable (IV) strategy that is inspired by a
regression discontinuity design (RDD), based on the fact that admission
to grammar school was determined by a local pass mark for the entry
exam, known as the 11-plus.1 As a proxy for the 11-plus score, we use
ge 11 cognitive tests collected in the NCDS. These closely mirror the
hree components of the 11-plus and are therefore reliable predictors
f grammar school entry. To overcome the issue of limited data on
ntry score cut-offs for all English LEAs in the 1960s, we proxy pass
arks with LEA-specific thresholds estimated directly from the NCDS
ataset. Following the structural breaks literature (Bai, 1997), in the
ame spirit as Card et al. (2008), we select the threshold value that
aximises the fit of a model of school assignment. This approach

dentifies the medium-term effect on educational attainment and labour
arket outcomes, as well as the long-term effect on health and risk of
eveloping illness up to age 50.

This paper contributes to the literature on the long-term effect of
rammar schools in England and Wales in several ways. Our approach
elps us identify the treatment effect for the specific group of pupils
ho would have been affected by the expansion in grammar school
laces, if it had happened back then. Second, we work in a context
ith limited information, constructing the assignment variables and

core cut-offs from large survey data, in the absence of administrative
ecords. We use several robustness checks to increase confidence in the
tudy design, confirming previous results obtained with other method-
logies. Third, we are able to investigate a broad range of long-term
utcomes rather than only educational ones, including long-term health
onditions and disease risk. Lastly, since schools are surveyed as part
f the NCDS study, we can explore how specific school features may
xplain any effect of school type for long-term outcomes.

For the marginal student in each area (an area corresponding to
Local Education Authority), we find a significant and positive effect

f grammar attendance on the probability of achieving A-levels, a sec-
ndary academic qualification, and having a university degree. How-
ver, this effect is conditional on having high socio-economic status or
igh parental interest in education. No effect is found on adult labour
arket outcomes, health and biomarkers for risk of developing chronic

llnesses. This result holds both when using local polynomial regres-
ions and when using bias-corrected procedures proposed by Calonico
t al. (2014b, 2017). We also find that peer quality and single-sex
ducation could be significant mechanisms to attain better educational
ualifications. Our work draws from historical data and concludes that
upils who narrowly missed out on grammar places in the 1960s missed
ut on marginally higher chances of better educational attainment, but
nly if they had a favourable family background.

The paper is structured as follows. We describe the context and ex-
sting literature in Section 2, while the data are presented in Section 3.
ection 4 discusses the threshold estimation procedure, accompanied
y the necessary conditions for identification and the empirical ap-
roach. Section 5 presents the results and robustness checks, followed
y an exploratory mechanism analysis in Section 6. Section 7 discusses
ur findings and Section 8 concludes.

. Background

.1. Historical context

Grammar schools have been present in England since the 16th
entury, but their formal inclusion in the compulsory state-funded
econdary education system dates back to the 1944 Education Act.

1 As both the assignment variable and cutoff are proxied, standard RDD
nference and treatment concepts may not apply. We therefore adopt an in-
trumental variable approach for inference and definition of the local average
reatment effect (LATE).
2

o

The Act established a tripartite system of secondary schooling, distin-
guishing between selective grammar schools, non-selective secondary
modern schools and a minority of technical schools. The main distin-
guishing features, apart from the higher average ability of pupils in
grammar schools, were the level of academic content of the curriculum
and the different educational and occupational prospects for pupils.
Since the Act, admission to grammar schools has been determined
by performance in the 11-plus exam, testing language, numerical and
reasoning skills. Until the 1960s, the vast majority of children would
sit the 11-plus at the end of primary school, usually in September of
their last year. The test was set locally by Local Education Authorities
(LEAs), and the entry mark depended on the number of grammar school
places in the area. Rather than setting a given pass score, LEAs usually
considered the distribution of scores and then assigned grammar school
places to children scoring in the top tail, so the pass mark varied every
year. On average, pupils scoring in the top 25% of the distribution in
their local area were admitted to grammar school (Bolton, 2017). Area-
specific differences in admission included different school capacity
constraints, and different policies concerning teacher’s recommenda-
tions, distance from the school and having other siblings already at the
school. Panels of teachers and LEA representatives made decisions on
where to allocate students. Those who did not reach the entry score
were generally assigned to secondary modern schools.2 Parents could
subsequently request a different school or decide to appeal against the
panel’s decision if they did not agree with it, but this was uncommon.
Thus, students with similar ability scores could be assigned to different
types of school for two reasons: either because they were close to the
cut-off entry score for their area, or because they were from different
areas. To the extent that ability slightly above or below the entry cut-
off is random, this paper can isolate the long-term effect of going to
grammar school, compared to just missing out on admission, on a broad
range of outcomes. Identification therefore focuses on the marginal
pupil within each LEA.

2.2. Related literature

Regression discontinuity designs (RDD) based on assignment test
scores have been a popular approach to estimate the causal effect
of higher-quality schools on a variety of outcomes in several coun-
tries (Abdulkadiroglu et al., 2014; Del Bono and Clark, 2016; Dobbie
and Fryer, 2014; Dustmann et al., 2017; Guyon et al., 2012; Kirabo
Jackson, 2010; Pop-Eleches and Urquiola, 2013). A highly relevant
study by Clark (2010), who implements a regression discontinuity
design to investigate the impact of grammar schools on educational
outcomes for Yorkshire, a region in England, finds no effect on ed-
ucational achievement, but a positive effect on university enrolment.
In another study, Guyon et al. (2012) exploit a reform causing an
exogenous increase in the number of pupils attending grammar schools
in Northern Ireland, and find that average educational outcomes in-
creased following the reform. A third study, by Del Bono and Clark
(2016), is the one most similar to ours, since they investigate long-term
effects of elite schools in Scotland, for children born in the 1950s. In
addition to educational and labour market outcomes, they study effects
on fertility. They find a significant and positive effect on educational
outcomes, while they observe higher wages and lower fertility for
girls only. Their RDD strategy exploits information on admission exam
scores (equivalent to the 11-plus), and entry score cut-offs for the city
of Aberdeen.

2 From 1965 onwards the Circular 10/65 approved by the Labour govern-
ent encouraged LEAs to move towards a third type, comprehensive schools,

atering for students of all abilities. This paper focuses on areas that were still
argely selective when the data was collected, and where a large proportion
f pupils attending public secondary schools were assigned to either grammar

r secondary modern. See Section 5.5 for further discussion.
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Given the unavailability of such precise information at Local Edu-
cation Authority level for England, literature on the effects of grammar
schools has been unable to exploit RDD methodologies to answer this
question in the English context, except for the study by Clark (2010),
which focuses on one region in England and on education outcomes
only. The main challenge in the literature has been to deal with
selection bias, arising from the inability to control exhaustively for pre-
treatment characteristics of treated and control children. Value-added
and instrumental variable approaches, such as Galindo-Rueda and Vig-
noles (2005) and Harmon and Walker (2000), have been criticised by
Manning and Pischke (2006) as unable to remove the selection prob-
lem, which was evidenced by a placebo-type test, showing a spurious
effect of type of school on outcomes prior to school.

More recent studies focusing on the English context have tried to
overcome this problem by matching treated and control groups on
either individual or local-area characteristics. Among these, Atkinson
et al. (2006) find a positive effect of grammar on educational outcomes,
while Burgess et al. (2020) find that selection increases educational
and earnings inequality. Fewer papers have focused on the health and
well-being effects of selective education. Although the raw data shows
better adult health for former grammar pupils, the effect of grammar
on health is mostly not statistically significant when including all rel-
evant pre-treatment characteristics (Jones et al., 2012). However, the
average could be hiding heterogeneity by ability levels. For instance,
the transition to comprehensive schooling has been found to worsen
health and smoking for individuals with lower non-cognitive skills only
(Basu et al., 2018). We now build further on this evidence by looking
at human capital for the group of marginal students affected by the
additional places. The effect is policy relevant as it expresses the impact
of making it into grammar school versus missing out on the additional
marginal place within each LEA, for similar levels of initial ability and
everything else being equal.

3. Data

The NCDS is a longitudinal study of individuals born in the United
Kingdom in a single week in March 1958. 98% of all individuals born
in England, Scotland and Wales during that week were part of the birth
survey, making it nationally representative for that cohort. Following
the birth sweep, which contained over 17,000 individuals, surveys were
undertaken at ages 7, 11, 16, 23, 33, 42, 45, 50, 55. At the latest sweep
the survey still retained over 9000 individuals. For the present study,
only English and Welsh individuals were included in the sample, since
Scotland had a different schooling system in place.3 A discussion of
he possible implications of attrition in the data is in Appendix for the
nterested reader.

.1. Sample and type of school

Information on grammar school attendance is retrieved from the age
6 wave. The sample consists of individuals who went to grammar or
econdary modern schools between the ages of 11 and 16, attended by
0% and 20.6% of the NCDS sample respectively. Information on LEA
f school, essential for recreating the actual peer group of test-takers
rom NCDS data, was obtained via special licence access, also from
he age 16 wave.4 Of the total 18,521 individuals for whom there is
nformation in the survey, 5366 were excluded because they did not
ave relevant information on school attended, while a further 9131
ndividuals were excluded as they did not attend neither grammar nor
econdary modern school leaving 4024 individuals. This large drop in

3 Just under 3% of the individuals in the working sample are Welsh.
4 To understand how many individuals may cross the border to go to school

n another LEA, we compare age 16 LEA of school with age 7 LEA of residence.
nly 8% of individuals in our sample are recorded in different LEAs.
3
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the sample is due to the fact that many areas at the time were already
transitioning to a mixed-ability system following the Circular 10/65,
which encouraged LEAs to abolish selection by ability at the school
level. The sample for threshold estimation thus consists of grammar
and secondary modern pupils for whom we also have age 11 cognitive
test scores, which yields 3448 individuals. Due to the inclusion of
covariates, and to missing items from surveys at different ages, samples
for outcome regressions are always smaller, ranging roughly between
1450 and 2800, depending on the outcome. The reason why we do
not use the same sample for threshold estimation and treatment effect
estimation is that a reliable threshold figure needs to capture as much
of the actual test-taking population as possible. Once the location of
the threshold is estimated, we estimate the first and second stage of
the 2SLS on the same sample, see details in Section 4.

3.2. Ability scores

The main variable needed for the identification strategy, age 11 cog-
nitive ability score, is obtained via principal component analysis (PCA)
for the maths, reading and general ability test modules included in
the NCDS, following previous literature (Cawley et al., 1997; Galindo-
Rueda and Vignoles, 2005; Jones et al., 2011). More details on this
procedure can be found in the Appendix. The cognitive ability index
is the first principal component obtained via PCA, which explains
approximately 85% of the total variance in the three test scores. This
approach is preferred to including the three separate scores to rule out
multicollinearity issues in the estimation procedure, on the one hand.
On the other, the three scores obtain similar relative weights for the
first principal component obtained via PCA, meaning their contribution
to our index is roughly equal. The 11-plus actual total score was also an
average of similar language, mathematics and reasoning tests, offering
further support to the assumption that our index is a good proxy of 11-
plus scores.5 97% of NCDS children took the NCDS ability tests between
April and July of 1969, thus only a few months after having sat the 11-
plus (see Appendix Figure A1). This is usually taken in September of
the last year of primary school, which for NCDS children would have
been 1968–1969. For our empirical application, it is reassuring that
ability tests were still taken in primary school, and not at the start of
secondary school, where tests could be affected by the treatment.

3.3. Outcomes

Our broad range of outcomes allows us to build a rounded picture of
the consequences of school quality for the individual, covering the edu-
cation, labour market and health domains. We measure these outcomes
on different waves of the NCDS to capture completed formal education
up to university degree level (at age 23), labour market outcomes at
a point where both graduates and non-graduates are established in
the labour market (at age 33), and health outcomes in mid-life (age
45–50), when gradients in chronic conditions have begun to emerge.
Education outcomes, collected at age 23, are binary variables equal to 1
for having obtained any A-levels (or equivalent) and having a university
degree, and 0 otherwise. Labour market outcomes, measured at age 33,
are retrieved from survey questions and include binary variables for
being unemployed, receiving state benefits (excluding child benefits)
and gross hourly wage, which is calculated from weekly hours worked
and weekly wages and then log-transformed for regression analysis.
Self-reported health outcomes include age 50 self-assessed health and
low malaise scores, which have been validated as good predictors of

5 Similarity of the two tests is also confirmed by comparing the individual
asks. For the interested reader, we suggest comparing the sweep 2 NCDS
bility test, available on the Centre for Longitudinal Studies website, with
ample tests in Bristow (2016), containing a range of tests used from the 1950s
nwards.
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physical and mental health. Self-assessed health (SAH) is measured
on a 5-point scale ranging between ‘Excellent’ and ‘Very poor’, and
converted to a binary variable equal to 1 if SAH is ‘Excellent’ of
‘Very good’, and 0 otherwise. Malaise score is measured via the 9-
item Malaise Inventory (see Appendix). In the regression analysis, we
use a binary variable equal to 1 for low malaise (score 0–2 out of 9)
and 0 otherwise, increasing in good mental health. We also include
the following three biomarkers measured at age 45, all increasing
in the risk of cardiovascular disease and health complications. Body
mass index (BMI) is calculated as weight in kg divided by squared
height in meters, while cholesterol ratio (mmo/L) and triglyceride
levels (mmo/L) are retrieved from blood samples.

3.4. Background information

Our identification strategy relies on a discontinuity with respect to
cognitive ability but we do control for other covariates within the re-
gression models. These controls are also used to check the robustness of
the findings and to explore heterogeneity in the local treatment effects.
The vector of relevant covariates includes sex; mother’s interest in child
education on a 4-point scale and father’s socio-economic status on a 5-
point scale; whether the mother was smoking during the fourth month
of pregnancy; a childhood morbidity index for the cohort member.
The morbidity index was constructed following previous literature, by
summarising information on twelve categories of childhood conditions
up to age 7 into a variable bound between 0, indicating no morbidity,
and 1, indicating highest morbidity (Jones et al., 2011). We further
account for childhood non-cognitive skills in all regressions, given their
demonstrated importance for long-term outcomes (Kautz et al., 2014).
They are measured at age 11, prior to starting secondary school, by
asking primary school teachers questions on the twelve behavioural di-
mensions that are part of the Bristol Social Adjustment Guide (BSAG).6

e then converted the total BSAG score to a variable bounded between
and 1 for convenient interpretation.

. Methods

.1. Threshold selection

The threshold for each local education authority, necessary for iden-
ification, is estimated directly from the data. If the data were available,
ith pupils’ individual test scores (at the 11-plus exam) and the actual
EA cutoffs that were used to determine access to grammar schools,
e could implement a standard Regression Discontinuity Design (RDD).
ithout these data: (i) we must use a proxy variable for the true test

cores using the ability tests provided in the NCDS data; (ii) we do
ot know the exact cutoff in each LEA and we have to estimate these
hresholds. There are studies that have addressed the properties of RDD
stimators when there is measurement error in the running variable
nd when the cutoff is unknown, but we are not aware of studies that
eal with both problems together. For example, Porter and Yu (2015)
iscuss inference when the unknown cutoff is estimated using the true
not a proxy) running variable and a key finding is that the RDD
reatment effect can be efficiently estimated with discontinuity points
stimated from the data. While, Dong and Kolesár (2023) address the
ssue of measurement error by redefining the treatment effect so that
t relates to the observed proxy rather than the true running variable.
hey show that, provided the observed running variable classifies

6 The twelve attributes are measures of social maladjustment and include
nforthcomingness, withdrawal, depression, anxiety for acceptance by adults,
ostility towards adults, ‘writing off’ of adults and adult standards, anxiety
or acceptance by children, hostility towards children, restlessness, ‘incon-
equential’ behaviour, miscellaneous symptoms and miscellaneous nervous
4

ymptoms. p
treatment assignment correctly and affects the conditional means of
the potential outcomes smoothly, then ignoring the measurement error
yields the local average treatment effect where the observed running
variable is equal to the cutoff. They suggest a donut-hole approach to
broaden the robustness of this approach.

Our approach is to use an instrumental variable (IV) strategy. This
is motivated by a fuzzy RDD and estimation is done in the usual way
by two stage least squares (2SLS). However, as we use a proxy running
variable and estimated cutoffs, we draw on an IV setting to interpret
our estimates as local average treatment effects (LATE). We exploit a
discontinuity in the effect of the NCDS ability score (used as a proxy
for the true running variable) on the probability of entering grammar
school. This discontinuity is estimated from the data. The motivation
and intuition for this that the ability proxy could be considered as
mapping the true running variable into another ability measure. As in
a standard RDD approach, we control for a flexible polynomial in the
proxy of ability both in the first and the second stages (as ability is
obviously associated with better human capital outcomes) to preserve
the exclusion restriction assumption, while the estimated discontinuity
in the proxy variable is used as the exclusion restriction. In short,
this non-linearity should only predict grammar school entry, and not
other pre-grammar school individual characteristics, conditional on a
polynomial in the proxy ability score. Once controlling for a polynomial
in test scores in the first and second stage, in this IV interpretation, the
compliers will be the marginal grammar school entrants.

Thus, for each LEA, we first run probit models for grammar atten-
dance with a single regressor 1[𝐴𝑖 ≥ 𝑐]. This is an indicator function
for whether individual 𝑖’s ability 𝐴𝑖 is equal or greater than a threshold
, for a pre-specified range of possible thresholds 𝑐 ∈ [−0.2, 1.5]. A
rid search for the highest log-likelihood achieved by these models
or each LEA then yields the chosen LEA-specific threshold 𝑐𝐿𝐸𝐴. The
pproach is close in spirit to Card et al. (2008), who look for the
resence of tipping points (i.e. discontinuities) in changes in the share
f white population in US neighbourhoods over time, as a function of
hare of other minorities. Their hypothesis is that discontinuities in
hese changes are located at specific values of the base-year minority
opulation share. The study analyses a larger sample than ours, and can
herefore estimate the threshold on a subsample of the total available
ample, and then use the estimated tipping point on the remaining
bservations, reducing the risk of sampling bias.7 Compared to Card
t al. (2008), we have the advantage that an LEA-specific discontinuity
s known to be present in the school assignment function (since there
as a pass mark for grammar school entry), although its exact location

s not observed.

.2. Identification

Identification of treatment effects is based on the assumption that
upils scoring near the LEA-specific cutoff, where the discontinuity is
bserved, have similar baseline characteristics. If individuals on both
ides are similar enough, near this threshold treatment assignment is
s good as random, and differences in long-term outcomes are caused
xclusively by treatment (Lee and Lemieux, 2010). Estimating the
xtent to which treatment alone causes these differences yields a local
verage treatment effect (LATE) for the group of compliers. These are
he individuals in proximity of the threshold, who are assigned to
reatment by virtue of scoring above the cut-off.

Identification is based on two stages. The first stage models school
ssignment. We denote the treatment variable as 𝐺𝑖 ∈ {0, 1}, where

7 Alongside the ‘structural break’ approach we use, Card et al. (2008)
lso implement a ‘fixed point’ method, based on finding the unit root of the
olynomial expressing the first stage. Since we are not working with changes,
here zero can be a saddle point in the polynomial function, but with the
robability of attending grammar, this approach is not a viable option here.
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𝐺𝑖 = 1 indicates grammar attendance. Following Lee and Lemieux
(2010), treatment assignment, which is assumed to change discontinu-
ously at a LEA-specific cut-off level 𝑐𝐿𝐸𝐴 of the assignment variable 𝐴𝑖,
bility test score, is modelled as:

𝑖 = 𝛾 + 𝜃1[𝐴𝑖 ≥ 𝑐𝐿𝐸𝐴] + ℎ(𝐴𝑖 − 𝑐𝐿𝐸𝐴) + 𝜐𝑖, (1)

here 1[𝐴𝑖 ≥ 𝑐] is the indicator variable for equal or greater than the
hreshold, ℎ(.) is a generic function of individual’s distance from the
ass mark and 𝜐 a random error term.8 We expect this function to be
on-deterministic, since children with the same score may be assigned
o different schools. There are at least two reasons why we see this
n this context. First, because of imperfect compliance by the school,
ue to the fact that 11-plus test scores by themselves did not grant
ccess to grammar school, but other factors contributed to admission
oo, as discussed in Section 2.9 Second, additional fuzziness may be
aused by limitations of the data, as noted by Card and Giuliano (2016)
n their analysis of US school data. Recall that we are using a proxy
f actual 11-plus scores, and children may have performed differently
n NCDS tests than in the 11-plus. Additionally, although we provide
vidence in support of the threshold selection procedure performed, we
cknowledge that not observing actual threshold values may further
ncrease fuzziness in the first stage. We therefore rely on a fuzzy RDD,
here the probability of treatment assignment does not jump sharply

rom 0 to 1 at the threshold, but by a smaller amount.
The second-stage equation can then be expressed as:

𝑖 = 𝛼 + 𝛽𝐺𝑖 + 𝑓 (𝐴𝑖 − 𝑐𝐿𝐸𝐴) + 𝜖𝑖. (2)

here 𝑌𝑖 are human capital outcomes, 𝛽 the treatment effect of interest,
(.) a function of distance from the threshold and 𝜖 a random error

erm. The vector of individual-level covariates 𝑋𝑖 has been suppressed
or ease of notation, but these are assumed to enter both Eqs. (1)
nd (2). Following previous literature, we use an estimator analogous
o a Wald estimator in 2SLS procedures (Hahn et al., 2001; Lee and
emieux, 2010), so that the local average treatment effect (LATE) is
dentified by the change in the outcome variable produced by a change
n the assignment variable (i.e. the reduced form), divided by the
hange in the first stage, expressing treatment as a function of the
ssignment variable.

Interpretation of the Wald estimator as a local average treatment
ffect is conditional upon the following assumptions. The first nec-
ssary condition is that the assignment variable cannot be precisely

8 Our approach follows a standard ‘‘normalising and pooling’’ transforma-
ion, where the assignment scores are centred around the cutoff for each
EA. Fort et al. (2022) consider a normalising and pooling design where
he treatment is delivered at different ‘‘sites’’ and a fixed number of places
re allocated from the highest score until they are exhausted. This creates a
roblem with an endogenous cutoff, where there is one observation located
xactly at each site-specific threshold and, consequently, a violation of the
ontinuity of the pooled density of the assignment variable at the zero-
ormalised cutoff. Our application does not fall into this trap and we do not
bserve a violation of continuity in the density of the pooled running variable.
his is because we do not use the actual test scores and instead rely on proxies.
lso, the site (LEA) specific cutoffs are generated by a grid search over fixed
alues rather than being based on the actual test scores of our respondents.
t is also worth stressing that the NCDS cohort respondents (limited to those
orn in first week of March 1958) are only a small fraction of the full year
roup that were ranked and assigned to grammar schools within each LEA. As
result, our application falls under what Fort et al. (2022) define as a ‘‘non-

roblematic multi-cutoff design’’ with the cutoff exogenously set. We note that
he solution proposed by Fort et al. (2022), when the problem of endogenous
utoffs does arise, is to include site fixed effects and that this is the ‘‘safest and
ikely efficient option’’ in that case. In our analysis we cluster the standard
rrors at LEA level.

9 Similar factors are also described in Del Bono and Clark (2016) and
lark (2010), although they both rely on assignment scores only to predict
dmission.
5

manipulated by the individuals in the sample. In this setting, we use
a proxy for 11-plus test scores. Precise manipulation of the assign-
ment variable seems unlikely, since individuals have no incentive to
change their NCDS ability score depending on the local area grammar
school pass mark. In standard RDD, a condition for the no precise
manipulation assumption is that the density of the assignment variable
should be reasonably smooth around the threshold, routinely tested
via McCrary tests for the assignment variable (McCrary, 2008). The
test looks for discontinuities in the density function of the assignment
variable, the absence of which supports the smooth density assumption.
However, in the present case, the test may be inadequate, since the
LEA-specific threshold is estimated based on goodness of fit measured
on the available data, and we would expect this to be reflected in the
density function of the constructed assignment variable (see Appendix
Figure A2). Instead, we check whether our main results are sensitive
to excluding a portion of selected observations around the threshold,
an approach known as donut-RDD (Barreca et al., 2016). The second
necessary condition is that other pre-treatment covariates are smooth
functions of the assignment variable, to rule out that the treatment
effect estimate is confounded by discontinuities in other variables.
Figures A3 and A4 in the Appendix show that this assumption holds
in two different checks.

Under monotonicity of the instrument (i.e. 𝜃 > 0 for all 𝑖, or 𝜃 < 0
for all 𝑖) and the other verified assumptions (no precise manipulation
and smoothness of covariates as a function of the assignment variable),
𝛽 in Eq. (2) can formally be interpreted as a local average treatment
effect (LATE) for individuals in the proximity of the measured threshold
(Lee and Lemieux, 2010). As specified above, the LATE is calculated
for compliers, who are those individuals who attend grammar rather
than secondary modern because their score allows them to be just
above the cut-off for their LEA. Estimating the long-term effect of
grammar attendance for this group is interesting because it allows us
to understand the effect of an expansion in grammar school places
back then, as students on the margin would have been those most
likely affected by it. At the same time, under the stated assumptions,
the estimation strategy allows us to isolate the historical effect of
grammar attendance from pre-schooling ability and other pre-treatment
confounders.

4.3. Implementation

4.3.1. Choice of bandwidth, kernel and polynomial
A way to ensure similarity between treated and control group is to

accurately choose the neighbourhood around the cut-off, from which
observations for the estimation of 𝛽 are drawn. Following the stan-
dard RDD literature, we refer to this neighbourhood as the bandwidth
ℎ (Lee and Lemieux, 2010). The smaller the bandwidth, the higher
the number of observations excluded, and the higher the probability
that the similarity assumption holds for individuals whose assignment
variable lies within [𝑐 − ℎ, 𝑐 + ℎ]. Bandwidth selection then incurs a
trade-off between precision and bias, since larger windows around the
cut-off will yield estimates with lower variance but potentially higher
bias (Lee and Lemieux, 2010).10 A popular approach is to choose the
andwidth that minimises an approximation of the mean squared error
MSE) of the local linear estimator of 𝛽, 𝑀𝑆𝐸 = (𝛽 − 𝛽)2 (Imbens and
alyanaraman, 2012; Calonico et al., 2014b).

While an MSE-optimal bandwidth is generally recommended for its
oint estimator performance, a recent body of literature has shown it
s inadequate for inference procedures (Calonico et al., 2014b, 2017,
018, 2020; Cattaneo and Vazquez-Bare, 2016). The argument in a
utshell is that in using the estimated MSE-optimal bandwidth for

10 Bias arises because the further from the threshold, the larger the differ-
ences between individuals, not only due to treatment but also due to other
confounders.
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neighbourhood selection (i.e. [𝑐−ℎ𝑀𝑆𝐸 , 𝑐+ℎ𝑀𝑆𝐸 ]) we are introducing
a misspecification bias, but this bias makes inference based on obser-
vations within the neighbourhood and the resulting point estimator
invalid (Cattaneo and Vazquez-Bare, 2016). Since the MSE-optimal
bandwidth is usually too large for inference, one possible approach
would be to simply shrink it, a procedure known as undersmoothing
(McCrary, 2008; Cattaneo and Vazquez-Bare, 2016). Instead, Calonico
et al. (2014b) propose a robust bias-correction procedure (CCT cor-
rection from here onwards) for bandwidth selection, which estimates
bias and then adjusts both the regression discontinuity (RD) point
estimate and variance estimator. The CCT correction allows for robust
confidence intervals, less sensitive to small bandwidth variations and
accounting for the variability introduced when correcting for the es-
timated bias term in the treatment effect estimator.11 Alongside our
main specification, with local regressions implemented using the MSE-
optimal bandwidth selection approach, we thus propose an alternative
with CCT bias correction, in order to investigate sensitivity of the
analysis to this procedure.12

The empirical implementation further requires kernel functions and
olynomials to be chosen. The kernel function assigns weights to
bservations depending on their distance from the threshold, in order
o provide optimal treatment effect estimates. While a triangular kernel,
ssigning highest weight to observations near the threshold, is intu-
tively appealing, both Lee and Lemieux (2010) and Card and Giuliano
2016) find no important efficiency losses from using uniform kernels.
ince uniformity also makes for simpler computation and interpretation
f results, we rely on bandwidth selection to select similar observations,
nd use a uniform kernel for the main strategy, thus giving equal
eight to all observations. A second choice is order of polynomial to be
sed, given that introducing higher order terms for distance from the
ut-off often improves fit of the first stage regression. However, since
ecent literature has shown that regression discontinuity analysis based
n high-order polynomials may be misleading (Gelman and Imbens,
019), we refrain from using higher orders, and only introduce an
nteraction term between threshold and distance from threshold in the
ain specification. This accounts for the intuition that not only the

ntercept but also the slope of the average of the dependent variable
s a function of the assignment variable may be different above the
hreshold.13

.3.2. Empirical specification
The empirical counterparts to Eqs. (1) and (2) are as follows:

𝑖 = 𝛾 + 𝜃0𝑇𝑖 + 𝜃1𝐷𝑖 + 𝜃2𝐷𝑖 × 𝑇𝑖 +𝑋′
𝑖 𝜂 + 𝜐𝑖 (3)

𝑌𝑖 = 𝛼 + 𝛽0𝐺𝑖 + 𝛽1𝐷𝑖 + 𝛽2𝐷𝑖 × 𝑇𝑖 +𝑋′
𝑖 𝜉 + 𝜖𝑖, (4)

11 Details on the CCT correction procedure and the theory behind it, in-
luding the bias and standard error estimators, can be found in Calonico
t al. (2014b), with a more recent exposition in Calonico et al. (2020). An
lternative approach to MSE-optimal bandwidth, introduced by Calonico et al.
2020), aims at minimising the coverage error (CE), which stems from selecting
ndividuals whose characteristics are dissimilar, thus biasing treatment effect
stimates. Cattaneo and Vazquez-Bare (2016) and Calonico et al. (2020)
uggest using bandwidth ℎ𝑀𝑆𝐸 for point estimates, while ℎ𝐶𝐸 for more robust

confidence intervals, since generally ℎ𝑀𝑆𝐸 > ℎ𝐶𝐸 , and estimation based on the
latter would lead to too much variability in the estimate.

12 In a recent study, Hyytinen et al. (2018) exploit a feature of the
Finnish seat assignment mechanism in local elections to compare standard
and CCT-corrected RD estimates to experimental estimates: they find that
CCT correction produces closer estimates to the experimental ones, while the
standard procedure based on MSE-minimising bandwidth yields biased results.
While this result is to some extent specific to that context, research practice
in RDD applications is moving towards adopting CCT correction procedures.

13 For formal details on the choice of bandwidth, kernel and polynomial and
the squared error minimisation procedure with the inclusion of covariates see
Calonico et al. (2017, 2018).
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where 𝑇𝑖 = 1[𝐴𝑖 ≥ 𝑐𝐿𝐸𝐴] is an indicator for above the threshold,
𝐷𝑖 = (𝐴𝑖 − 𝑐𝐿𝐸𝐴) indicates the distance between the individual’s ability
test score in the NCDS and the LEA-specific threshold, 𝐷𝑖 × 𝑇𝑖 is the
interaction between distance and the discontinuity and 𝑋𝑖 is a vector
f individual characteristics. We estimate Eqs. (3) and (4) as the first
nd second stage of a two-stage least squares regression, with 𝐺𝑖 as
he endogenous treatment variable and only on the sample selected
y using the MSE-optimal bandwidth. We present results without bias
orrection first, and then with bias correction as a robustness check,
ollowing the procedures proposed by Calonico et al. (2014a).

Finally, we run the analysis adding an interaction term between the
reatment indicator and sex, high father’s SES and high mother interest
n child education, in order to explore heterogeneity in the effect of
rammar school. We prefer this to subsample analysis, given the small
ample sizes in our study. We also note that each interaction term will
e endogenous. For the model to be identified, we thus predict the
nteraction 𝐺𝑟𝑎𝑚𝑚𝑎𝑟×𝐹𝑒𝑚𝑎𝑙𝑒 with an interaction between the original
iscontinuity indicator and sex, expressed as 𝑇 ×𝐹𝑒𝑚𝑎𝑙𝑒, and so on for
he other characteristics.

. Results

.1. Summary statistics

Summary statistics for baseline characteristics and outcomes by type
f school for the whole sample are shown in Table 1. Grammar pupils
isplay higher average cognitive and non-cognitive skills, a higher pro-
ortion of female pupils and a more advantaged parental background
han secondary modern pupils, while no difference is shown in the
hildhood morbidity of the two groups. Grammar pupils also display
etter outcomes in adulthood across all domains considered. They have
higher chance of getting A-levels (50% vs. 3%) and a university

egree (31% vs. 2%); they are half as likely to be unemployed or
ave received state benefits at 33 (excluding child benefits), and they
ave a higher hourly wage. The long-term health of grammar pupils
s also better. At age 50 they are more likely to display high levels
f self-assessed health (SAH) and low levels of malaise. Their risk
f cardiovascular disease and comorbidities at age 45 is also lower,
s shown by the lower average levels of BMI, cholesterol ratio and
riglycerides.

As a preliminary analysis, we conduct OLS regressions for each out-
ome with the treatment indicator (grammar) as a single regressor first,
nd then with additional covariates, estimated on the whole available
ample (see Table A1 in the Appendix). The coefficient for grammar is
ighly significant for all outcomes, although, in line with expectations,
ome of this association is accounted for by adding covariates to the
odel. The only exception is the malaise indicator, not significantly

inked with grammar. For all outcomes, the association is explained
ainly by cognitive skills and the five included covariates. When we

stimate the LATE via the RDD approach, focusing on the neighbour-
ood close to the threshold, we aim at netting out the effect of these
re-treatment characteristics. As discussed above, in proximity of the
hreshold, these do not vary discontinuously, while the probability of
reatment does. Reassuringly, when we contrast characteristics by type
f school for the whole sample to those of compliers, we find that
rammar and secondary modern pupils are more similar among the
atter (see Table A2 in the Appendix, where the complier group is
efined as the sample of observations within MSE-optimal bandwidths
or A-level outcome).

.2. Discontinuity in grammar school assignment

Fig. 1 displays LEA-specific threshold values selected by the thresh-
ld search procedure outlined in Section 4.1. Higher estimated thresh-
lds are not necessarily found in areas with the least grammar places.
nstead, the location of the threshold reflects the observed LEA-specific
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Table 1
Descriptive statistics by secondary school attended.

Grammar Secondary modern

Mean s.d. Min Max Mean s.d. Min Max

Baseline characteristics

Cognitive skills 1.80 0.83 −3 4 −0.51 1.27 −4 3
Non-cognitive skills 0.94 0.08 0 1 0.86 0.13 0 1
Female 0.55 0.50 0 1 0.49 0.50 0 1
Mother’s interest 2.70 0.77 1 4 1.88 1.03 1 4
Father’s SES 3.32 0.90 1 5 2.82 0.81 1 5
Mother smoke pregnancy 1.37 0.78 1 4 1.58 0.92 1 4
Child morbidity 0.06 0.03 0 0 0.06 0.04 0 0

Outcomes

Educational attainment
Any A-levels 0.51 0.50 0 1 0.03 0.16 0 1
University degree 0.31 0.46 0 1 0.02 0.14 0 1

Labour market (age 33)
Unemployment 0.02 0.15 0 1 0.04 0.21 0 1
Benefits recipient 0.05 0.22 0 1 0.10 0.30 0 1
Hourly wage 9.35 12.27 0 148 6.57 11.61 0 109

Self-assessed health (age 50)
Exc./very good health 0.62 0.49 0 1 0.50 0.50 0 1
Low malaise 0.81 0.39 0 1 0.77 0.42 0 1

Biomarkers (age 45)
Body Mass Index (BMI) 26.40 4.68 17 51 27.56 5.04 18 52
Cholesterol ratio 3.80 1.14 2 8 4.07 1.18 2 12
Triglycerides 1.87 1.45 0 17 2.17 1.75 0 27

Observations 1160 2288

Mother interest in child education is on a scale from 1-Little interest to 4-Over
concerned. Father’s SES is on a scale from 1-Low to 5-High. Maternal smoking during
pregnancy is on a scale from 1-Non-smoker to 4-Heavy smoker. Healthy ranges for the
biomarkers are: <25 for BMI, <5 for cholesterol ratio, <1.7 for triglycerides.

discontinuity, as inferred from the ability of grammar pupils from each
LEA in our sample. The figure shows that in our historical sample, the
discontinuity in grammar admission was found at lower values of the
assignment scores for LEAs in the North, with a couple of exceptions.
The discontinuity was found at highest values of the assignment scores
in the Midlands, in the South and in Cornwall. A traditional grammar
school stronghold such as Kent displays a discontinuity at a lower
value, possibly reflecting the larger number of grammar school places
in this region. Fig. 2 plots grammar attendance in pre-specified bins,
for different levels of the distance between the assignment variable
and the LEA-specific cut-off, roughly expressing the probability of
grammar attendance as a function of the distance variable. The figure
shows a jump in the probability of treatment when the assignment
variable is near the threshold, indicated by the dashed vertical line,
where 𝐴𝑖 − 𝑐𝐿𝐸𝐴 = 0. After this threshold, the average probability
of treatment increases by approximately 0.4–0.5, and it keeps rising
up to 1 for the most able individuals. The instrument of interest, the
indicator variable 1[𝐴 ≥ 𝑐𝐿𝐸𝐴], is highly predictive of the first stage
and sizeable. Estimating the first stage using each of the 10 outcomes
in turn, including all covariates, we find a coefficient on the instrument
pointing to an approximate 0.45 increase in the probability of attending
grammar at the discontinuity, as already shown by graphical evidence
for the whole sample (full results in Table A3 in the Appendix). The
probability of attending grammar is also positively and significantly
associated with non-cognitive skills, mother’s interest and father’s SES
for most of the samples considered. Yet, as long as these covariates
are smooth around the threshold, this association does not threaten
identification of the treatment effect of interest.

5.3. Effect of grammar schools for the marginal student

Fig. 3 shows scatter graphs for each outcome, so that each dot
represents the average outcome for groups of individuals at similar
levels of the distance variable. While all outcomes display a relationship
with the assignment variable in the expected direction, none shows a
7

Fig. 1. Threshold values estimated through our ‘‘structural breaks’’ approach, for the
English and Welsh LEAs in the data. The values are expressed in terms of the percentile
of the NCDS cognitive ability distribution that would give access to a grammar school
place in 1969.

Fig. 2. Scatter graph for probability of grammar school attendance as a function of the
distance 𝐷𝑖 between the assignment variable 𝐴𝑖 and the LEA-specific threshold 𝑐𝐿𝐸𝐴.
Observations are grouped in 50 bins, yielding average probability of treatment within
the group. Average bin size is 69 (N = 3448).

sharp jump at the threshold value of zero. The probability of achieving
A-levels and a degree display a fairly similar pattern, increasing steeply
and linearly after the threshold. Most other outcomes only show an
average improvement after the threshold, more evident for cholesterol
ratio, triglycerides and the indicator of excellent or very good SAH, but
no evident discontinuity.

Table 2 shows LATE estimates for education, labour market and
health outcomes, obtained via estimation of Eqs. (3) and (4), for the
sample within MSE-optimal bandwidths, without CCT bias correction.



Economic Modelling 126 (2023) 106414C. Pastore and A.M. Jones
Fig. 3. Outcomes as a function of distance between the assignment variable and the LEA-specific threshold, 𝐷𝑖 = 𝐴𝑖 − 𝑐𝐿𝐸𝐴. Observations are grouped in 50 bins, yielding average
outcome within the group.
All models include the five covariates described in Section 3. The dif-
ference in total available sample across outcomes depends on missing
information for certain outcomes, and on the fact that MSE-optimal
bandwidths vary for each outcome (Lee and Lemieux, 2010). Grammar
attendance alone increases the probability of achieving A-levels by 26
percentage points (𝑝 < 0.05) in the group of compliers. The effect of
grammar is significant and positive for obtaining a university degree
(𝑝 < 0.05). For both A-levels and obtaining a university degree, the
interaction variable between distance and threshold indicator is posi-
tive and significant. This indicates a positive change in the slope of the
8

probability of both outcomes as a function of the ability score after the
threshold, already shown in Fig. 3. This result is consistent with the
fact that grammar schools were the track with highest academic focus.

The estimated LATE of grammar school for adult labour market,
health and disease risk outcomes is not significant, despite being mostly
of the expected sign. The sign of grammar is negative for the prob-
ability of receiving benefits, cholesterol ratio and triglycerides, while
it is positive for hourly wages and self-assessed health. The grammar
coefficient for unemployment is close to 0, while the one associated
to the probability of scoring low malaise is negative. The interaction
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Table 2
Human capital and health outcomes: local polynomial regressions with pre-selected bandwidth.

(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log wage

Grammar 0.2607*** 0.1461* 0.0027 −0.0454 0.0693
(0.0753) (0.0678) (0.0442) (0.0504) (0.1665)

Distance 0.0175 −0.0132 0.0052 0.0090 0.0863
(0.0319) (0.0273) (0.0194) (0.0195) (0.0879)

Distance × 1[𝐴 ≥ 𝑐𝐿𝐸𝐴] 0.1357*** 0.1398*** −0.0007 0.0085 −0.0127
(0.0402) (0.0360) (0.0270) (0.0253) (0.1166)

First-stage 1[𝐴 ≥ 𝑐𝐿𝐸𝐴] 0.4637*** 0.4535*** 0.4361*** 0.4444*** 0.4507***
(0.0340) (0.0344) (0.0402) (0.0310) (0.0514)

First-stage F statistic 185.989 174.073 117.957 205.661 76.830
Obs. in bandwidth 1599 1538 1213 1849 791
Total obs. available 2505 2352 2116 2816 1553

(6) (7) (8) (9) (10)
High SAH Low malaise BMI Chol Trig

Grammar 0.0454 −0.0750 −0.5705 −0.3980 −0.8025
(0.1479) (0.1085) (1.4425) (0.3814) (0.5000)

Distance 0.0556 0.0329 1.4656 0.2031 0.7406*
(0.0993) (0.0555) (1.0634) (0.2598) (0.3472)

Distance ×1[𝐴 ≥ 𝑐𝐿𝐸𝐴] −0.0027 −0.0502 −2.6789* −0.3369 −0.8735*
(0.1320) (0.0763) (1.3536) (0.3331) (0.4437)

First-stage 1[𝐴 ≥ 𝑐𝐿𝐸𝐴] 0.4692*** 0.4608*** 0.4717*** 0.4434*** 0.4388***
(0.0550) (0.0473) (0.0574) (0.0617) (0.0623)

First-stage F statistic 72.710 95.030 67.538 51.711 50.402
Obs. in bandwidth 771 974 716 605 592
Total obs. available 1869 1865 1786 1498 1500

Standard errors clustered at LEA level in parentheses. + 𝑝 < 0.1, * 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001.
etween distance and the threshold indicator is significant for BMI and
riglycerides level.

Results when implementing the CCT bias-correction procedure are
airly consistent with those estimated without bias correction (see Ap-
endix Table A4).14 The CCT bias-corrected MSE-optimal bandwidths
re generally smaller, except for hourly wage, cholesterol ratio and
riglyceride levels. With the bias-correction procedure, grammar atten-
ance increases the probability of obtaining A-levels by 25 percentage
oints (𝑝 < 0.01) and the probability of obtaining a university degree
y 19 percentage points (𝑝 < 0.05). As before, the grammar coefficient
s not significant for health outcomes and risk of illness. Discontinuity
stimates in the grammar assignment function (first-stage estimates), at
he bottom of each panel, are all highly significant with bias correction
lso, offering support to the validity of the study design.

.4. Heterogeneous effects

In Tables 3 and 4, we additionally provide results for the specifi-
ation with treatment interacted with sex, father’s SES and mother’s
nterest in child education. Now the grammar coefficient expresses the
ffect of grammar attendance for the base category in each regression.
n panel A of Table 3, the grammar coefficient on A-levels is larger
han with the pooled sample, and the coefficient on the interaction
𝑟𝑎𝑚𝑚𝑎𝑟 × 𝐹𝑒𝑚𝑎𝑙𝑒 is negative and significant. Thus, for boys, the base
ategory, attending grammar increases the probability of achieving any
-levels by 30 percentage points, while the effect is 11 points lower for
irls. Additionally, the coefficients in column (2) indicate that the effect
f grammar on the probability of achieving a university degree is only
ignificant for boys, the base category. In panels B and C, grammar
ttendance only has a positive effect on probability of achieving A-
evels for children whose father has high SES (18 percentage points
ncrease) and whose mother’s interest in child education is high (12
ercentage points increase). Conversely, the effect of grammar atten-
ance for the base categories, children with low SES or low mother

14 The CCT bias-corrected estimates are obtained with the ‘rdrobust’ package
or Stata (Calonico et al., 2014a, 2017).
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interest, is not significant, indicating that grammar school attendance
only gives an educational advantage to advantaged groups. Again,
results for health do not show a significant impact of grammar school,
except for cholesterol ratio, which is significantly positively impacted
for children with high mother interest. Finally, a brief note on how
these observed characteristics affect grammar school admission (i.e. our
first stage) can be found in the Appendix.

5.5. Robustness checks

We include several robustness checks of our approach. We first
implement local polynomial regressions for a placebo cut-off, in order
to show that the first stage is not predictive of grammar attendance at
other points of the distribution of the assignment variable (see Figure
A5 and Tables A5 and A6).

As a second robustness check, we re-estimate the model while
excluding a set of observations around the threshold, a procedure
known as donut exclusion or donut-RDD. The density of the distance
from LEA-specific threshold 𝐷𝑖 = 𝐴𝑖 − 𝑐𝐿𝐸𝐴 presents a concentration
of observations around the threshold, and we show that our results are
not sensitive to excluding these (see Appendix Figure A1 and Appendix
Tables A7 and A8).

Thirdly, we estimate the effect of the discontinuity on placebo
outcomes prior to secondary school. This check is in the same spirit
as an influential test conducted by Manning and Pischke (2006). The
authors show that a set of empirical approaches to estimate the effect of
grammar school did not deal successfully with selection bias, since out-
comes prior to secondary school appeared to be affected by secondary
school attendance. Our approach deals successfully with this difficulty
and the placebo procedure is illustrated in detail in the Appendix.

A final point on robustness concerns the changing landscape of
secondary schools in the 1960s and 1970s. When NCDS pupils went
to secondary school, LEAs had started to transition to a mixed-ability
system, establishing ‘comprehensive’ secondary schools that catered
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Table 3
Human capital outcomes: local polynomial regressions with pre-selected bandwidth and treatment interacted with individual
characteristics.

(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log wage

Panel A: by sex

Grammar 0.3193*** 0.1574* −0.0056 −0.0541 0.0670
(0.0804) (0.0723) (0.0476) (0.0535) (0.1770)

Female 0.0191 −0.0172 −0.0072 0.0404* −0.4727***
(0.0298) (0.0259) (0.0165) (0.0188) (0.0663)

Grammar × Female −0.1128* −0.0220 0.0155 0.0169 0.0046
(0.0522) (0.0472) (0.0306) (0.0338) (0.1225)

First-stage F 92.950 86.906 58.976 102.736 38.254

Panel B: by father’s SES

Grammar 0.1918* 0.1231 −0.0061 −0.0419 0.0621
(0.0789) (0.0717) (0.0481) (0.0537) (0.1866)

High father’s SES 0.0368** 0.0409** −0.0030 −0.0069 0.0821**
(0.0142) (0.0130) (0.0080) (0.0093) (0.0308)

Grammar × High father SES 0.1877*** 0.0701 0.0229 −0.0097 0.0183
(0.0435) (0.0408) (0.0262) (0.0291) (0.1036)

First-stage F 89.612 84.768 55.139 98.660 34.628

Panel C: by mother interest

Grammar 0.1884* 0.1366 0.0245 −0.0452 0.1403
(0.0953) (0.0859) (0.0557) (0.0611) (0.2017)

High mother’s interest 0.0022 0.0083 −0.0028 −0.0146 0.0584
(0.0189) (0.0168) (0.0110) (0.0119) (0.0445)

Grammar × 0.1184* 0.0303 −0.0230 −0.0217 −0.0567
High mother interest (0.0536) (0.0491) (0.0321) (0.0345) (0.1211)
First-stage F 84.403 78.244 55.225 95.514 36.613

Obs. in bandwidth 1599 1538 1213 1849 791
Total obs. available 2505 2352 2116 2816 1553

Standard errors clustered at LEA level in parentheses. High father SES corresponds to mid-high or highest. High mother
interest corresponds to very interested or over-concerned. Distance, interaction with distance and covariates included and
omitted from the table. + 𝑝 < 0.1, * 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001.
Table 4
Health outcomes: local polynomial regressions with pre-selected bandwidth and treatment interacted with individual
characteristics.

(6) (7) (8) (9) (10)
High SAH Low malaise BMI Chol Trig

Panel A: by sex

Grammar 0.0724 −0.0320 0.0207 −0.1796 −0.7307
(0.1630) (0.1170) (1.6126) (0.4257) (0.5580)

Female 0.0592 −0.0798 −0.3935 −0.8175*** −0.8712***
(0.0617) (0.0442) (0.6080) (0.1498) (0.1967)

Grammar × Female −0.0488 −0.0807 −1.0787 −0.3910 −0.1323
(0.1207) (0.0822) (1.2025) (0.3054) (0.3996)

First-stage F 36.299 47.387 33.777 25.830 24.787

Panel B: by father’s SES

Grammar 0.0007 −0.0854 −0.7216 −0.3846 −0.8435
(0.1710) (0.1227) (1.6525) (0.4296) (0.5585)

Father’s SES 0.0440 0.0086 −0.9774*** −0.0658 −0.1207
(0.0293) (0.0210) (0.2940) (0.0724) (0.0947)

Grammar × Father SES 0.1006 0.0242 0.3826 −0.0350 0.1098
(0.1037) (0.0706) (1.0382) (0.2566) (0.3308)

First-stage F 31.531 42.240 29.909 23.522 22.797

Panel C: by mother interest

Grammar 0.1114 −0.1013 −1.2000 −0.8292 −1.1177
(0.1856) (0.1347) (1.9207) (0.4696) (0.6303)

Mother’s interest 0.0223 −0.0169 −0.6520 −0.2041* 0.2061
(0.0381) (0.0271) (0.3840) (0.0948) (0.1268)

Grammar × Mother int. −0.1146 0.0672 0.8221 0.7432* 0.2219
(0.1159) (0.0822) (1.2098) (0.2925) (0.3963)

First-stage F 36.130 47.481 31.227 25.112 24.559

Obs. in bandwidth 771 974 716 605 592
Total obs. available 1869 1865 1786 1498 1500

Standard errors clustered at LEA level in parentheses. High father SES corresponds to mid-high or highest. High mother
interest corresponds to very interested or over-concerned. Distance, interaction with distance and covariates included and
omitted from the table. + 𝑝 < 0.1, * 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001.
10
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for all abilities.15 Our analysis focuses on pupils from largely selective
areas: the average percentage of LEA-level comprehensive pupils for
the LEAs included in our sample is 25% against 41% of the total NCDS
sample, illustrating still a high degree of selectivity in our sample,
in spite of the reform. Including in our main analysis an indicator
for degree of LEA selectivity, obtained from the 1971 edition of the
Comprehensive School Committee Journal, does not affect our main
findings (results available on request).

6. Mechanism analysis

Finally, we attempt to unpack treatment effect by testing whether
specific attributes of grammar schools lead to more favourable out-
comes for grammar pupils. We focus on peers’ ability and character-
istics, teacher quality and school resources, all collected in the school
questionnaire of NCDS wave 3. Peer ability is measured by looking at
percentages of pupils taking either only GCEs (General Certificate of
Education, equivalent to A-levels, of higher academic value) or only
CSEs (Certificate of Secondary Education, of lower academic value, not
requiring completion of a full standard qualification).16 To define peer
environment, we also take an indicator for whether the school was sin-
gle sex. For teaching quality, we construct a variable indicating whether
teachers get any training for career guidance, and the percentage of
teachers who left the school in the previous year. As a proxy of school
resources, we define a binary indicator for whether the school lacks any
facilities (including library, science labs, sports facilities and other).

The exercise is mainly exploratory in nature, since we do not
provide a breakdown of the components of the full treatment effect.
Instead, we provide a reduced-form evaluation of the extent to which
each mechanism might explain the long-term effect of grammar school
attendance. We do this by reproducing the main RDD analysis with
a twist: we substitute treatment in the first stage with each of the
mechanisms of interest in turn. Since each given school attribute is
highly correlated to school type, we expect the threshold for grammar
attendance, 𝑇𝑖, to also be predictive of such attribute. We adopt the
following two-stage empirical specification:

𝑀𝑖 = 𝜋0 + 𝜋1𝑇𝑖 + 𝜋2𝐷𝑖 + 𝜋3𝐷𝑖 × 𝑇𝑖 +𝑋′
𝑖𝜅 + 𝜐𝑀𝑖 (5)

𝑌𝑖 = 𝜇0 + 𝜇1𝑀̂𝑖 + 𝜇2𝐷𝑖 + 𝜇3𝐷𝑖 × 𝑇𝑖 +𝑋′
𝑖 𝜁 + 𝜖𝑀𝑖 , (6)

In the first stage, the discontinuity used to predict grammar at-
tendance in our main specification (see Section 4.3.2) is now used
to predict each proposed mechanism 𝑀𝑖. In the second stage, we
isolate the effect of each mechanism on the outcomes. Given that, by
construction, each 𝑀𝑖 predicted by Eq. (5) is highly correlated with the
grammar indicator 𝐺𝑖, 𝜇1 can be read as an indirect assessment of the
proportion of the effect of grammar on the outcomes that is explained
by 𝑀𝑖, for the population of compliers.

Summary characteristics for proposed mechanisms by school type
are shown in Table 5. In order to implement the RDD procedure as
above, we dichotomise all variables before the analysis. We transform
the variables for school peers’ ability and teachers leaving into binary
variables taking value 1 if above the median for the relevant variable,
0 otherwise. Grammar pupils are twice as likely to attend a school
with a high (above NCDS median) share of girls taking only full GCE

15 The Circular 10/65, promoting this move, was issued four years before
CDS cohort members took the 11-plus, and therefore there were large areas
here selection was still in place.
16 CSEs were introduced in 1965 in order to provide a certification for
tudents who were leaving school at 16 without a formal secondary school
ualification. Both the GCE and CSE age 16 examinations were replaced in
988 with the General Certificate of Secondary Education (GCSE) for pupils
f all abilities, while GCE A-levels were kept for ages 16–18 (see webpages at
11

ttps://qualifications.pearson.com).
Table 5
Descriptive statistics of mechanisms by secondary school attended.
Source: NCDS wave 3.

Grammar Sec. modern Min Max

Mean s.d. Mean s.d.

Peer environment

Above median % girls taking GCE only 0.95 0.22 0.34 0.47 0 1
Above median % girls taking CSE only 0.31 0.46 0.76 0.43 0 1
Single sex 0.68 0.47 0.25 0.44 0 1

Teaching and resources

Teachers get career guidance training 0.85 0.35 0.81 0.39 0 1
Above median % teachers left last year 0.47 0.50 0.52 0.50 0 1
School lacks facilities 0.49 0.50 0.58 0.49 0 1

Observations 1160 2288

Table 6
Mechanisms: local polynomial regressions with each channel as the treatment variable
and pre-selected bandwidth.

(1) (2)
A-levels Degree

High % girls taking GCE only 0.4172** 0.2478*
(0.1331) (0.1101)

First-stage F statistic 41.214 28.683
High % girls taking CSE only −0.8902* −0.5080

(0.4448) (0.2914)
First-stage F statistic 6.374 5.390
Single sex 0.6837* 0.3487*

(0.2661) (0.1673)
First-stage F statistic 11.212 14.759
High % teachers left −0.9574 −0.6141

(0.5198) (0.4043)
First-stage F statistic 5.615 4.482
Teachers get career training −4.1580 −1.7195

(6.2892) (2.2078)
First-stage F statistic 0.457 0.620
School lacks facilities −3.7742 −1.8606

(6.6113) (2.9943)
First-stage F statistic 0.316 0.406

Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605

Standard errors clustered at LEA level in parentheses.
*𝑝 < 0.05.
**𝑝 < 0.01.

ualifications, indicative of higher pupil ability.17 On the other hand,
econdary modern pupils are twice as likely as grammar ones to attend
school displaying a high (above NCDS median) proportion of girls

aking the lower CSE qualification. A significantly higher proportion
f grammar schools are single sex. Grammar schools display a slightly
igher chance that teachers receive training in career guidance for their
tudents, a lower probability of being above the median for proportion
f teachers leaving the school and a lower chance that the school lacks
acilities.

Table 6 shows results for the mechanism analysis, with MSE-optimal
andwidths. Given that we found a significant effect of grammar on
ducation outcomes only, we focus on these for the mechanism anal-
sis.18 Peer ability is positively linked to both educational outcomes
onsidered. Attending a school with a proportion of GCE-takers above
he median increases the probability of achieving any A-levels by 42
ercentage points and a degree by 25 percentage points (𝑝 < 0.01

17 The reason why we took share of girls rather than total share of pupils
was that figures for shares of boys and girls were provided separately in the
NCDS, and there was no reliable way to calculate the total share of pupils
taking GCEs or CSEs.

18 Full results for all outcomes are available on request.

https://qualifications.pearson.com
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and 𝑝 < 0.05). Being in a school with above median CSE-takers, not
equiring completion of the school cycle, is negatively associated with
oth A-levels and degree, but the association is only significant for
-levels (𝑝 < 0.01). The single sex feature is also linked to better
erformance, increasing the chances of A-levels and a university degree
y 68 and 35 percentage points respectively (𝑝 < 0.05). No other
echanism is significantly associated with the two outcomes. How-

ver, the first-stage F statistic is below the critical value of 10 in all
ases, except for girls taking GCEs and single sex, indicating that the
rammar discontinuity is not predictive enough of the other proposed
echanisms. The exploratory mechanism analysis is still informative,

s it points towards an effect of some measures of peer ability and
ingle-sex education on education outcomes. Unfortunately, little extra
nformation was available on the quality of teaching and academic
ontent of school curriculum, which remain important channels to
onsider.

. Discussion

Results indicate that pupils who miss out on grammar school places
ithin the selective system mainly miss out on higher chances of
ttaining better educational qualifications. We find a significant effect
f grammar school attendance on A-levels and obtaining a university
egree across all specifications. The heterogeneity analysis indicates
hat grammar is likely to only improve educational outcomes for pupils
f high SES, or whose education parents are highly interested in.
oreover, the effect on education is larger for boys compared to girls,
finding that corroborates previous evidence (Del Bono and Clark,

016). In our exploratory mechanism analysis, we linked the effect
f grammar school attendance to peer environment. Having a high
ercentage of school peers taking a high-level qualification and being in
single-sex institution, predicted using the discontinuity for grammar

chool admission, increase the probability of achieving A-levels and a
niversity degree. Since the magnitude of the coefficient for grammar
s smaller than those for the two mechanisms (see Tables 2 and 6),
e may even say that, for our group of compliers, these mechanisms
xplain more of the variation in outcomes than school type alone.
or instance, the importance of the single-sex feature has been widely
ocumented in the returns to education literature, and it could arguably
lso play an important role in this context (Sullivan et al., 2011).

When isolating its effect from confounders, grammar attendance is
ot a significant predictor of labour market outcomes, health or risk
f developing illness for the marginal admitted student. Our evidence
orroborates other RDD studies that find significant and positive effects
f higher quality schools on educational outcomes within a selective
ystem, while not necessarily for labour market or health outcomes
Dustmann et al., 2017; Clark, 2010; Del Bono and Clark, 2016).
nstead, other literature has shown that health and health behaviours
ay be significantly affected by school duration and attainment, with

ne of the latest papers on this topic published by the present journal
Baltagi et al., 2023). Thus, raw differences observed in Table 1 must
e explained by background characteristics other than school, since
hey become insignificant around the threshold, where ability and other
ackground factors are more homogeneous. In most cases, the sign of
he insignificant grammar coefficient is as expected, and Fig. 3 suggests
hat significance of the grammar indicator is likely to increase as we
ove away from the threshold, where confounders would bias the

stimate. We additionally note that OLS results are surprisingly similar
o those obtained via the RDD approach (see Appendix Table A1).
his may suggest that controlling for observed characteristics already

solates the effect of grammar to a reasonably good extent, or that, in
ur sample, heterogeneity in observables is relatively low.

The null result may be somewhat surprising for wages, given that
rammar is expected to increase the probability of achieving higher
ducational qualifications, which should translate into better wages.
12

possible explanation for this is that grammar pupils scoring just
above the threshold do not rake up the benefits from higher educational
qualifications, being of lower ability than the average grammar pupil.
For example, they could end up in lower-ranked universities, or do
worse in their degrees. If this is true, their wages may end up similar
to those for pupils scoring just below the threshold who attended
secondary modern, especially given that the latter provided a more
practical education that could offer a streamlined way into specific jobs
(e.g. well-paid blue-collar occupations, administrative positions). An
alternative explanation for the insignificant coefficient could be that the
sample is too small to yield enough precision in the coefficient estimate.

In support of the first interpretation, we cite another study using
NCDS by Brunello and Rocco (2017). The authors find that for pupils
with lower qualifications (approximately 11–12 years of schooling),
wages are initially higher for individuals with vocational qualifications
compared to those with academic qualifications, and that this pattern
is reversed by age 50. Linking this to our findings, it might be that
pupils who make it into grammar and achieve lower qualifications
experience a wage disadvantage to start with, ending up with similar
wages to secondary modern pupils at age 33, as the wage profiles start
to overlap. For higher qualifications (approximately 14–15 years of
schooling), Brunello and Rocco (2017) find no significant differences in
wage profiles by education type over the life-course, which also aligns
with our results.

The first £50 million round of the Selective Schools Expansion Fund
announced in 2018 created 2700 new grammar school places in 16
schools for the following academic year (UK Department for Education,
2019). With 163 grammar schools present in England at the time of
writing, this means that approximately 1 in every 10 grammar schools
was allowed to expand. In judging the potential of this programme to
reward talent rather than background, two key considerations to be
made concern who can access grammar schools and what impact they
can make. Previous literature has answered the first question, showing
that pupils from privileged backgrounds are up to 45 percentage points
more likely to attend grammar than pupils from deprived ones (Burgess
et al., 2018). Addressing the second issue, our findings show that
past generations of grammar pupils on the margin of being admitted
have benefitted from grammar school attendance only in terms of a
higher probability of attaining A-levels and possibly higher chances
of a university degree. Moreover, we have shown that this effect was
likely to apply only to pupils of high socio-economic status or whose
family was highly supportive of their education. For the group of
compliers, other measures of long-term human capital and health are
to be linked to other background factors. Our findings are based on
the lives of individuals who faced very different circumstances from
current generations of pupils. For instance, obtaining A-levels and a
university degree is now more common than it used to be, and grammar
schools are not the only public institutions offering a more academic
education. However, this historical evidence may still be relevant, since
the expansion policy affects the intake and resources of both selective
and non-selective schools in selective areas, potentially bringing back
some aspects of the old system. On another note, due to the nature
of the identification strategy, we did not explore the implications of
the policy for pupils who are very far below the threshold, which may
shed light on other important consequences of an expansion in selective
school places.

8. Conclusion

We have provided an empirical investigation of the long-term ef-
fects of grammar school attendance on human capital with a quasi-
experimental methodology, exploiting a discontinuity in the probability
of admission and building a novel strategy to estimate its location from
limited information. We offer a contribution to the body of research
informing educational policy-makers on the effects of selective schools
as means to tailor school quality to student ability. We conclude that
the marginal student admitted to grammar school in the 1960s did not
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benefit in terms of long-term human capital accumulation, with the
exception of the direct positive effect on education outcomes, which
are conditional on having a favourable background. A more prominent
role in explaining raw differences by type of school might be played by
the child’s cognitive skills and background.

Our research shines a light on the topic of grammar schools in
England, finding no evidence that this system can by itself significantly
improve human capital regardless of socio-economic background. In
fact, when comparing groups of pupils with similar ability at age 11
(both groups on the margin of being admitted), attending a grammar
school only affected the likelihood of obtaining A-levels and a Univer-
sity degree, and only for pupils of higher socio-economic background.
We acknowledge that further research with data from more recent
cohorts is needed to assess the impact of this policy on new generations
of pupils, who today face a very different world of education and work,
and a broader general knowledge about positive health behaviours.
Further research could additionally help assess the overall impact of
the grammar school system on pupils of all abilities, but we anticipate
that the large role played by background characteristics will persist.
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