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1. Introduction 

How early in life should formal schooling start? Some argue that interventions such 

as early preschool attendance are extremely effective for skill development (see Cunha 

and Heckman 2007, Cunha et al. 2006, Heckman 2008, and the comprehensive review 

in Almond and Currie 2011). Based on such evidence, President Barack Obama 

proposed in his 2013 State of the Union Address “to make high-quality preschool 

available to every single child in America”.1 Yet generalizable and conclusive evidence 

based on a clean design to identify the causal effect of universal early schooling remains 

scarce. While studies analyzing well-designed randomized programs such as the Perry 

Preschool Project and the Carolina Abecedarian Project and the more wide-scale Head 

Start program provide evidence of positive effects of early schooling in the U.S.,2 they 

do so only in relatively specific contexts. That is, not only are these programs all 

targeted at disadvantaged children, but they include both schooling and a mix of 

interventions (e.g., home visits in the Perry Preschool Project; interventions to improve 

health, nutrition, and parent involvement in the Head Start program). Evidence of the 

effects of exposure to early schooling in more universal school environments is much 

rarer, with few studies employing randomized designs. In the extant studies of general 

pre-primary education in several countries, participation is voluntary and enrolment 

rates in early schooling are in the range of 60–70% (Berlinski, Galiani, and  Manacorda 

                                                 
1
 See http://www.whitehouse.gov/the-press-office/2013/02/12/remarks-president-state-union-address 

for the 2013 State of the Union Address. 
2
 The Perry Preschool Project and the Carolina Abecedarian Project have been extensively evaluated 

on various outcomes, ranging from short-term child development to labor market and other long-term 

outcomes (Blau and Currie, 2006; Currie, 2001; Anderson, 2008; Heckman, Moon et al., 2010a, 2010b; 

Masse and Barnett, 2002; Schweinhart et al., 2005). Head Start has been analyzed using quasi-

experimental (Anderson et al. 2010, Currie and Thomas 1995, 1999, Garces et al. 2002, Carneiro and 

Ginja 2012, Ludwig and Miller 2007) and experimental (Puma et al., 2010) research designs. See also 

Elango et al. (2015) for a synthesis of the literature on small and large-scale, targeted and universal early 

child care programs. 

http://www.whitehouse.gov/the-press-office/2013/02/12/remarks-president-state-union-address
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2008, Berlinski, Galiani, and Gertler 2009, Cascio 2009, Cascio and Schanzenbach 

2013, Gormley and Gayer 2005, Magnuson et al. 2007).3 

In this paper, we estimate the causal effects of increased exposure to universal early 

schooling, exploiting a unique variation in the rules of entry into the first year of 

elementary school in England, where the enrollment rate is almost complete. Our 

treatment affects children 4 to 5 years of age, which is the age range that would be 

affected by the introduction of universal preschool programs in the U.S., where children 

currently enroll in the first year of universal schooling (kindergarten) only at ages 5 to 6. 

Given this universality and the age range of affected children, our quasi-experiment 

closely simulates the case of extending preschool programs in the U.S. 

Our identification is based on school entry regulations that stipulate up to three 

different entry dates into the same academic year (i.e., school entry in the first, second 

or third term of the academic year), to which children are assigned by birth month cutoff 

dates that vary regionally. This variation allows us to compare children in the same year 

cohort and grade (holding advancement in the school curriculum constant) who are the 

same (absolute and relative) age at testing, but who have spent different times in the 

first grade because of having entered at different dates. This comparison therefore 

identifies the effect of increasing exposure to elementary education through an earlier 

school entry age. The variation further allows conditioning on birth month fixed effects 

(to adjust for birth month effects and age at the test) and local authority fixed effects (to 

                                                 
3
 These studies look at effects of early education at school entry (e.g., kindergarten class in the U.S.) 

or immediately before school entry (e.g., pre-K in the U.S.). There is a much larger literature on early 

childhood programs that often cover children as young as 2 to 3 years of age (see e.g. Baker et al., 2008; 

Bernal and Keane, 2010, 2011; Blanden et al., 2014; Cornelissen et al., 2017; Datta Gupta and Simonsen, 

2010; Fort et al., 2016; Havnes and Mogstad, 2011, 2014; Leuven and Maurin, 2013; Loeb et al., 2007). 

Baker (2011), Elango et al. (2015) and Ruhm and Waldfogel (2012) provide overview articles of the 

literature on the effects of early childhood education. Although some studies focus on center-based 

childcare just before school entry (e.g., Drange et al,. 2016), the curriculum is far more play-based  than 

in our setting, in which we investigate the onset of formal schooling. 
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control for region characteristics that might be correlated with the school entry rules and 

also affect child outcomes).  

The school entry rules in most other countries, by contrast, induce no such variation 

in the length of exposure to early schooling among children in the same grade who sit 

the test at the same time, because there is only one possible school starting date per 

academic year.4 Most papers exploiting school-entry cut-offs identify the effect of 

changing both age-at-entry and age-at-test, while keeping exposure constant  (see e.g., 

Bedard and Dhuey 2006, Datar 2006, Elder and Lubotsky 2009, Fertig and Kluve 2005, 

Fredriksson and Öckert 2014, Landerso et al. 2013, McEwan and Shapiro 2008, 

Mühlenweg and Puhani 2010, Puhani and Weber 2007). To see why this is, suppose that 

exposure to schooling (EXP), the age-at-test (AGET), and age-at-school-entry (AGEE) 

have separate effects on an outcome 𝑦 according to 𝑦 = 𝛽0 + 𝛽1𝐸𝑋𝑃 + 𝛽2𝐴𝐺𝐸𝑇 +

𝛽3𝐴𝐺𝐸𝐸 + 𝑒. Given the identity 𝐴𝐺𝐸𝑇 = 𝐴𝐺𝐸𝐸 + 𝐸𝑋𝑃, any linear regression can at 

most include two of the three terms, and the coefficients on those terms pick up 

composite effects. Moreover, EXP is usually constant because the analysis is typically 

based on school test scores of children in the same grade, implying the same exposure to 

schooling. Including either AGEE or AGET, while EXP is constant, identifies the 

composite effect 𝛽2 + 𝛽3 of being older at entry and being older at the time of the test, 

with no change in exposure, as illustrated in Figure 1, Panel B.
5
 From this body of 

                                                 
4
 With only one uniform school entry date per academic year, variation in exposure can only be 

generated by measuring the outcome at different values of school exposure (Gormley and Gayer 2005, 

Dee and Sievertsen 2015, Cascio and Lewis 2006, Black, Devereux and Salvanes 2011, Carlsson, Dahl, 

Öckert and Rooth 2015), such as comparing children who at the same age differ by one year in their 

exposure to schooling because they were assigned to different academic year cohorts. While this 

identifies an exposure effect similar to β1 − β3, such children differ strongly in their relative age 

compared to their classmates, and in their progression through the school curriculum. The estimated 

parameter is thus confounded by these two factors. 
5
 Some studies of school-entry age effects look at long-term outcomes measured after schooling is 

completed (Fredriksson and Öckert 2014; Black et al. 2011; Landerso et al. 2013). This breaks the 
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research we know that children who enter school at an older age and who are older at 

the test do better than their younger classmates. However, this insight has limited policy 

relevance because it is hard to see how any practical school entry policy could even out 

such age-related differences.  

We, in contrast, exploit school-entry rules that allow entry in different terms of the 

academic year and thus cause variation in EXP, the length of the school year. By 

including EXP and holding AGET constant, we are thus in a position to identify the 

composite effect β1 − β3, as  illustrated in Figure 1, Panel C. Hereafter, we refer to this 

effect as the exposure effect; that is, the effect of prolonged exposure to schooling (β1) 

obtained by starting school earlier (−β3 ), which implies less time spent in the child 

care environment preceding school entry. It is precisely this effect that matters for the 

debate over whether early exposure to formal schooling should be increased because 

such increase can only be achieved by lowering the age at which children start school.6  

We add to the existing literature in several important ways. First, we offer an 

unusually tight identification strategy for the effect of additional exposure to schooling 

obtained through an earlier school entry at the expense of time spent in the childcare 

environment that precedes school entry. In contrast to other studies, the variation we 

exploit allows us to identify this effect net of birth month effects and net of effects of 

                                                                                                                                               
collinearity between the age when the outcome is measured and the age at school entry, which allows 

controlling for the age at the observation of the outcome. This leads to the conceptually different effect of 

being younger (in absolute and relative terms) at school entry (and at all points throughout the school 

career), but having one more year of experience between the school leaving date and the date at which the 

outcome is measured. 
6
 Two papers use a similar type of exogenous variation as we do but, unlike us, only identify reduced-

form effects due to data limitations: Crawford et al. (2007) exploit the same school-entry rules as we do, 

and Leuven et al. (2010) use unique features of Dutch school entry rules allowing children to enter school 

immediately after their fourth birthday (causing variation in the length of the first school year), combined 

with the timing of the summer holidays. Other related studies that explicitly focus on late schooling, such 

as schooling around the school-leaving age, include Del Bono and Galindo-Rueda 2006, Oreopoulos 

2006, and Carlsson et al. 2015. 
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absolute and relative age at test. This parameter is policy relevant and informs such 

debates as that on the expansion of public preschool programs. Our design also includes 

a one-sided noncompliance (illustrated below) that allows us to identify a treatment 

effect on the untreated (ATU); that is, the effect of expanding schooling on those who 

are not yet in school. This is a rare special case in which the local average treatment 

effect (LATE) identified by linear IV estimation has a clear interpretation and strong 

external validity.  

Second, we identify this effect in a context of universal early schooling, not for a 

targeted intervention or for voluntary preschool attendance. We do so by exploiting 

variation in the length of schooling among enrolled children in a context in which the 

enrollment rate is 96%. Our results thus help inform the debate at what age formal 

schooling should start. The starting age of formal schooling differs widely across 

countries, with the UK among the countries in which formal schooling starts the earliest 

(at age 4-5). Yet, to date there exists little evidence on what the optimal starting age for 

formal schooling is. Third, we trace out the evolution of the effect over subsequent 

grades based on school test scores, as well as parental, teacher, and self-assessments 

taken at ages 5, 7, and 11. Fourth, after having established the overall effect, we conduct 

a subgroup analysis by gender interacted with socioeconomic background to reassess 

the hypothesis of Elder and Lubotsky (2009) that children from disadvantaged 

backgrounds benefit more from early schooling.  

Finally, by combining administrative data with unique survey data, we are able to 

examine an unusually rich set of cognitive, noncognitive, and behavioral outcomes 

assessed by both parents and teachers, drawing at the same time on a very large number 

of observations, which turns out to be important for obtaining precise estimates at later 

ages. Analyzing the effect of early education on noncognitive skills is particularly 
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interesting because these skills may have important long-term impacts (Chetty et al. 

2011, Heckman, Malofeeva et al. 2010). However, the evidence on how early education 

and childcare affect noncognitive skills is not altogether clear: whereas some studies 

find positive effects of early education on noncognitive skills (Berlinski, Galiani, and 

Gertler 2009, Heckman, Malofeeva et al. 2010), others find negative effects (Baker et 

al. 2008, Loeb et al. 2007, Magnuson et al. 2007) or report mixed results (Datta Gupta 

et al. 2010). 

For cognitive outcomes, we find that an additional month of exposure to early 

schooling before the age of 5 (holding age-at-test constant) increases test scores at the 

end of the first school year by approximately 6–9% of a standard deviation. This effect 

is smaller two years later at age 7, albeit still present and significant, but it largely 

disappears at age 11. We also show that the early test score effects are larger for low 

SES than high SES boys (but not girls), closing the early achievement gap at age 7 

between low and high SES boys by 60-80% of its initial magnitude. Even if the overall 

cognitive effects are temporary, closing early SES achievement gaps may have 

important implications, in particular in school systems in which early decisions about 

future school attendance are based on early test scores.  

For noncognitive and behavioral outcomes, we find more persistent effects, at least 

up to age 11, the end of our observation window, and again evidence for stronger effects 

for low SES boys. Much in line with findings by Chetty et al. (2011) and Heckman, 

Malofeeva et al. (2010) for the STAR experiment and the Perry Preschool project 

respectively, our analysis suggests noncognitive effects to be  more persistent. We 

further explore reasons for why SES affects the effect of early schooling for boys but 

not for girls and conclude that, rather than low SES parents behaving differently 

according to the gender of their child, boys and girls seem to respond differently to low 
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SES, a view that finds support in some strands of the developmental and child 

psychology literature. 

The remainder of the paper is structured as follows. Section 2 provides information 

on the institutional background and data used in our analysis. Section 3 describes our 

empirical strategy and estimation procedure and clarifies the interpretation of the 

estimated parameter. Section 4 presents the results and Section 5 concludes the paper. 

2. Background and Data 

2.1. Early Schooling in Britain 

Children in England usually enter the first year of elementary school, the so-called 

reception class, at the age of 4 in the academic year in which they turn 5. Attendance at 

reception class is close to universal
7
 and this class, although followed by more formal 

education in year 1 and year 2 of elementary school, is seen as the start of an elementary 

education that is clearly more learning oriented than the play-based nursery (preschool) 

education. Elementary education ends with year 6 at age 11, when the child moves into 

secondary education.
8
 Hereafter, we refer to reception class, Year 1, Year 2 and Year 6 

as the first, second, third, and seventh school year or grade. 

The types of skills taught during the first year include rudimentary writing skills, 

the use of capital letters, and rudimentary counting. By the end of first grade, children 

should be able to “read a range of familiar and common words and simple sentences 

                                                 
7
 In administrative student records covering the full population of pupils in state maintained schools 

in England, we find that 96% of pupils enrolled in year 2 attended reception class. Delaying school entry 

by an entire year or grade retention is not at all common in England. Our administrative data show that 

over 99% of children attending first grade in 2005/2006 and third grade in 2007/2008 were born between 

September 1, 2000 and August 31, 2001. Children in private schools are not included in the database 

being used. In England, only 5% of pupils aged 7 are enrolled in private schools, and this proportion is 

smaller for age 5 (Blundell et al. 2010). 
8
 For a complete overview of the English education system, see D. Gillard (2011), Education in 

England: A Brief History, available at http://www.educationengland.org.uk/history/ or visit the website of 

the Department for Education at http://www.gov.uk/dfe. 
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independently, … write their own names and other things such as labels and captions, 

and begin to form simple sentences, ... count reliably up to 10 everyday objects, … 

recognize numerals 1 to 9, begin to relate addition to combining two groups of objects 

and subtraction to ‘taking away,’ … [and] use a mouse and keyboard to interact with 

age appropriate computer software” (Department for Children, Schools and Family 

2008). 

Throughout this paper, we focus on the cohort of children born between September 

1, 2000 and August 31, 2001 that, because there is no redshirting for a later year in the 

UK, enters elementary school in the 2005/2006 academic year. At that time, despite a 

recent convergence toward a single entry month (September) policy, there was 

substantial geographical variation across local authorities in school entry policies, which 

we exploit in this paper.9 Specifically, around 60% of the children in our sample were 

subject to the single-point entry policy in September (policy area A). The two second 

most frequent policies involved multiple entry points: about 20% were covered by a 

policy that anticipated school entry in September or January (policy area B), and 15% 

by a policy that anticipated entry in September, January, or April, depending on birth 

month (policy area C).10 Entry in an earlier or later than prescribed term is usually 

allowed if the parents wish it.11 School funding, on the other hand, unlike the locally 

varying admission rules, comes from central government. The main criterion for fund 

allocation to schools is the number of pupils. 

                                                 
9
 In England, there are approximately 150 local authorities (local government entities) with 

approximately 160,000 inhabitants on average (see 

http://media.education.gov.uk/assets/files/xls/lfs2001aleaxls.xls). 
10

 Admission policies are explained in more detail in Appendix E. 
11

 A few local authorities demand special justification (such as a doctor or social worker’s 

recommendation) for an earlier than prescribed entry. A limit to late entry is set by national law stating 

that schooling becomes compulsory in the term following a child’s fifth birthday. On average, we find an 

82% compliance rate with school entry rules. 

http://media.education.gov.uk/assets/files/xls/lfs2001aleaxls.xls
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2.2. Data  

Both the Millennium Cohort Study (MCS), from which we draw our survey data, 

and the National Pupil Database (NPD), from which we take our administrative data, 

provide longitudinal coverage of the September 1, 2000 to August 31, 2001 birth cohort. 

To date, the MCS has administered surveys during the early months of these children’s 

lives and then again at ages 3, 5, 7, and 11. These surveys cover a broad range of 

household characteristics, ranging from socioeconomic indicators, health of household 

members, and neighborhood characteristics to parenting practices and parent-child 

interactions. They also include assessments of child behavior and the child’s cognitive, 

physical, and noncognitive abilities, reported by both parents and teachers and, from age 

7 onward, also in self-assessment questionnaires.
12

 The MCS also provides the exact 

month of entry into the first school year, which enables computation of the actual 

exposure and estimation of the first stage without which we could not identify the causal 

effect of interest. School identifiers allow the MCS children to be matched to their 

results from the in-school end-of-year assessment from first and third grade. The first-

grade assessment covers both cognitive areas such as language, literacy, problem 

solving, and numeracy, and noncognitive abilities such as social behavior and attitudes, 

creative development, and physical development (e.g., motor skills).
13

 The assessment 

scales for each of these scores are detailed in Appendix G. The third-grade assessment 

covers test scores in Reading, Writing, Math, and Science. For the different outcomes at 

ages 5 and 7, the MCS sample used in the analysis comprises close to 8,000 children. 

                                                 
12

 For a detailed description of the survey design, recruitment processes, and fieldwork, see Dex and 

Joshi (2005). 
13

 This assessment, called the Foundation Stage Profile (FSP), is based on observation of the child 

throughout reception class, aided by a booklet in which teachers must regularly record the children’s 

achievements. For details on the FSP, see the Foundation Stage Profile Handbook issued by the 

Department for Education and Skills in 2003 and available online at 

http://doc.ukdataservice.ac.uk/doc/6847/mrdoc/pdf/foundation_stage_profile_handbook.pdf. 

http://doc.ukdataservice.ac.uk/doc/6847/mrdoc/pdf/foundation_stage_profile_handbook.pdf
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Children registered as having special educational needs were removed from the 

analysis,
14

 and the sample is restricted to England to ensure comparability with our 

second dataset, the NPD, and because school entry rules and the early years curriculum 

differ in other parts of the UK. 

The NPD contains administrative records of the total population of students at state 

schools in England and records student test scores on the nationwide assessments 

administered at different stages of the school curriculum. For reasons of comparability 

between the two datasets, we extract from the NPD the same academic year cohort 

covered by the MCS; that is, children born between September 1, 2000 and August 31, 

2001. For this cohort, the NPD includes the assessments at the end of the first, third and 

seventh grades. For first grade test scores, the NPD is a 10% sample of children in state-

maintained schools in England from the targeted birth cohort (roughly 40,000 children); 

for test scores from age 7 onwards it covers the full population of these students 

(approximately 400,000). Besides test scores, the NPD also provides certain student 

background characteristics gathered from school records, including information on age, 

gender, ethnicity, whether English is spoken at home, eligibility for free school meals, 

and whether the child has special educational needs. 

We base our analysis on a set of outcomes at ages 5, 7, and 11 taken from these two 

datasets. The National Pupil Database provides us with first grade (age 5), third grade 

(age 7), and seventh grade (age 11) cognitive test scores from in-school assessments. 

With respect to noncognitive outcomes, we draw on the MCS data containing 

noncognitive assessments from parental, teacher, and self-reports on child behavior and 

                                                 
14

 The term “special educational needs” refers to conditions that include severe learning disabilities. 

We exclude children with these conditions in order to have a more homogeneous sample for our test score 

regressions, but we verified that including them does not change the results.  
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noncognitive outcomes. These latter include, among others, the child’s personal, social, 

and emotional development at age 5, as well as information on the teacher-child 

relationship, academic interest, self-perception and disruptive behavior at ages 7 and 

11.
15

 

The cognitive, noncognitive, and behavioral outcomes used in our analysis are 

described in Appendices F and G.  Unless otherwise noted in the tables, we normalize 

all scores to a mean of 0 and a standard deviation of 1 across the whole sample. 

3. Estimation 

3.1. Estimated Parameters and Empirical Strategy 

In our empirical specification, the composite effect of receiving additional early 

schooling by entering school at an earlier age, which we refer to as the exposure effect 

(𝛽1 − 𝛽3 in our discussion in the Introduction), is 𝛾1 in the equation: 

𝑦𝑖𝑚𝑟 = 𝛾0 + 𝛾1𝐸𝑋𝑃𝑖𝑚𝑟 + ∑ 𝛼𝑗𝐷𝐴𝐺𝐸𝑇𝑖𝑚𝑟
𝑗

𝑗 + Z𝑖𝑚𝑟’δ +  μ𝑚 + 𝜌𝑟 + 𝑣𝑖𝑚𝑟         (1) 

where 𝑦𝑖𝑚𝑟 is an outcome for individual i born in birth month m and attending 

school in local authority r, and 𝐸𝑋𝑃𝑖𝑚𝑟 is the length of exposure to schooling up to the 

test. 𝐷𝐴𝐺𝐸𝑇𝑖𝑚𝑟
𝑗

 are an exhaustive set of dummies for age at the test indexed by j and 

measured in months. The vector Z𝑖𝑚𝑟 includes background variables that are included to 

increase precision, but are not necessary for the validity of the IV identification strategy 

that we describe below. The birth month fixed effects μ𝑚 control for seasonal variation 

                                                 
15

 We did not use teacher reported noncognitive outcomes at ages 7 and 11 from the MCS because 

these were gathered through class teacher questionnaires that have a large number of non-random missing 

values, because both parents and children must give consent for the class teacher to be interviewed. As on 

this reduced sample we could not reproduce the results from our main test score regressions, we 

concluded that it is selective and did not use it. There are also some age 5 outcomes from the MCS that 

we did not use, including the psychometric test scores from the “British Ability Scales”, because these 

measurements were taken during the first school year when some children would have barely been 

exposed to schooling. 
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in the outcome across birth months. For those outcomes that are assessed around the 

same time for all children (such as test scores from school exams), they effectively 

control for age-at-test; hence, for these outcomes, we drop the age-at-test dummies. We 

include local authority fixed effects, 𝜌𝑟, to control for region-specific unobserved 

factors, such as teaching quality. 

The error term 𝑣𝑖𝑚𝑟 includes unobserved child characteristics, such as intellectual 

ability or maturity. Given that parents have discretion over the choice of the school 

entry term, observed exposure 𝐸𝑋𝑃𝑖𝑚𝑟 is likely to be correlated with 𝑣𝑖𝑚𝑟. For example, 

if parents of high-ability children tend to bring school entry forward while parents of 

low-ability children tend to delay school entry, then the exposure effect estimated by 

applying OLS to (1) will be upward biased.  

We address this possible endogeneity by instrumenting actual exposure (EXP) 

with expected exposure (EEXP) prescribed by the school entry rules. Recall that we 

sample a cohort of children that all enter elementary school in the 2005/2006 academic, 

but depending on the local school-entry policy, there may be up to three possible entry 

months into the first school year—September 2005, January 2006, and April 2006—

corresponding to the three terms of the academic year. The three most frequent school-

entry policies are the following.16 In school entry policy A all children irrespective of 

their birth month are scheduled to enter school in the first term of the academic year 

(September 2005), thus in policy area A there is no birth month cut-off, and school-

entry rules do not cause any variation in expected exposure. In policy area B, children 

born before March 2001 are scheduled to enter in the first term, and children born from 

March 2001 onwards are scheduled to enter in the second term of the academic year. 

                                                 
16

 Admission policies are explained in more detail in Appendix E. 
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Finally, in policy area C, there are two birth-month cutoffs and three possible school-

entry dates. Children born before January 2006 are supposed to enter school in the first 

term, children born from January to March 2006 are supposed to enter in the second 

term, and children born from April 2006 are supposed to enter in the third term. 

Overall, there are thus three possible rule-prescribed entry months into the first 

school year—September 2005, January 2006, and April 2006—and the school year runs 

until the end of July 2006. Consequently, expected (rule-prescribed) exposure only 

takes on three different values: 4 months (if the expected school entry is April), 7 

months (if the expected school entry is January), and 11 months (if the expected school 

entry is September).
17

 Because we do not want to impose the assumption of a linear 

relation between expected exposure and actual exposure, we split expected exposure up 

into dummies.  

We estimate equation (1) using the two-stage least squares (TSLS) method 

based on the first-stage regression: 

𝐸𝑋𝑃𝑖𝑚𝑟 = 𝜋0 + 𝜋1𝐸𝐸𝑋𝑃7 + 𝜋2𝐸𝐸𝑋𝑃11 + ∑ 𝜙𝑗𝐷𝐴𝐺𝐸𝑇𝑖𝑚𝑟
𝑗

𝑗 + Z𝑖𝑚𝑟’θ +  μ𝑚 + 𝜌𝑟 +

𝜀𝑖𝑚𝑟, (2) 

in which EEXP7 is a dummy indicating 7 months expected exposure (January 

entry), EEXP11 is a dummy indicating 11 months expected exposure (September entry), 

and 4 months expected exposure is the reference group.  

By its definition, the instrument of expected exposure determined by the school 

entry rules depends on birth month and policy area, both of which have their own 

effects on the outcome. For example there could be potential differences in the teaching 

                                                 
17

 Seventy-eight percent of the children in our sample are expected to have 11 months exposure, 16% are 

expected to have 7 months exposure, and about 6% are expected to have 4 months exposure. 
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quality of local authorities that could be systematically related to each authority’s school 

entry policy, leading to a correlation between outcomes (via teaching quality) and 

expected exposure (via the school entry rules). Conditioning on the birth month fixed 

effects μ𝑚 and the local authority effects 𝜌𝑟 eliminates these differences. Hence, this 

exploits a difference-in-difference type of variation, in which we compare the difference 

in outcomes between children born in a local authority where a difference in birth 

months causes a difference in expected exposure, with the corresponding difference in 

outcomes between children born in a local authority where a difference in birth month 

does not cause variation in exposure. 

The usual difference-in-differences common trends assumption applied to our 

context is that birth month effects have to be uniform across regions, and region fixed 

effects have to be uniform across birth months. That is, the additively separable 

specification in birth month and region fixed effects in (1) and (2) must be correct, in 

the sense that there should be no interaction effects between birth month and region. For 

example, there must be no birth-month specific differences in teaching quality across 

the different policy areas, or no regional differences in the seasonality of birth month 

effects. We provide empirical tests for the validity of the instrument in the next section. 

In Appendix B we show that we get almost identical results when we use as alternative 

a regression discontinuity research design which relaxes the difference-in-differences 

common trends assumption but instead relies on the (not necessarily weaker) 

assumption that the running variable (age-at-test/birth month) is correctly specified via a 

given continuous function, and that being born before or after the cut-off is exogenous 

(e.g., parents do not manipulate the birth month of their child). 

When using the outcomes observed in the NPD dataset, we need to implement a 

two-sample TSLS estimation procedure. That is, because we observe no actual exposure 
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in that dataset, we use the coefficient estimates of the first-stage regression (2) from the 

MCS dataset to predict actual exposure 𝐸𝑋�̂�𝑖𝑚𝑟 in the NPD data. The TSLS estimate in 

the NPD data is then obtained by running regression (1) with 𝐸𝑋�̂�𝑖𝑚𝑟 in the place of 

𝐸𝑋𝑃𝑖𝑚𝑟.
18

 Throughout the analysis, we cluster standard errors at the level of the local 

authority, and for estimations involving the MCS dataset, we apply the sample weights 

provided for that dataset. 

3.2. Instrument Validity  

To check the identifying assumptions of our preferred DiD IV specification, we 

regress child and parent characteristics—such as a naming vocabulary test score at age 

3, whether English is spoken at home, mother’s education, single parenthood, income 

support received by the parents, etc. —on the instruments EEXP7 (expected January 

entry = expected 7 months exposure) and EEXP11 (expected September entry = 

expected 11 months exposure). The results are reported in Table 1 and show that the 

association of the instruments with these background characteristics turns out to be 

small and insignificant in all these regressions, with p-values between 0.3 and 0.96. 

3.3. Alternative Treatment to School Entry 

Although exposure to the first school year should have an effect on subsequent test 

scores through its orientation toward learning, this effect—and its interpretation—will 

depend on the comparison outcome; that is, the alternative childcare arrangements that a 

                                                 
18 Following Inoue and Solon (2010), we adjust the standard errors by multiplying the second step 

covariance matrix by 1 + 1 �̂�2⁄ [𝑛𝑀𝐶𝑆 𝑛𝑁𝑃𝐷⁄ ]�̂�𝑇𝑆𝐿𝑆
′ Σ̂𝜂�̂�𝑇𝑆𝐿𝑆 , where �̂�2 is the mean squared residual from 

the second stage regression, �̂�𝑇𝑆𝐿𝑆 is the estimated Kx1 coefficient vector from the second stage 

regression, nNPD is the sample size from the second stage regression, nMCS is the sample size from the first 

stage regression, and Σ̂𝜂 is the estimated KxK covariance matrix of the K residual vectors from all K first 

stages. In our application, this correction factor adjusts the standard errors upward by factors between 

1.02 and 1.20.  
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4-year-old child is exposed to before entering school. Table 2 reports information on 

childcare arrangements for preschool children from the 2008 Childcare and Early Years 

Survey of Parents (Speight et al. 2009). As reported in Panel A of the table, only 10% of 

3- to 4-year-old preschool children in England receive parental child care only, and a 

mere 3% of children receive other informal child care only, while the majority (83%) 

receives some form of center-based child care, partly combined with informal care or 

other types of formal care, such as child minders. As Panel B of Table 2 reports, much 

of the attendance at formal child care is part time, with mean and median attendance 

below 15 hours per week for most types of formal care. For comparison, attendance at 

school during the first year, our treatment, corresponds to roughly 31 hours per week. 

This finding implies that for a high proportion of children our treatment consists of 

increasing the exposure to full-time learning-oriented early schooling at the expense of 

part-time and more play-oriented center-based care and some parental or informal care. 

For a smaller proportion of children, the counterfactual is parental or other informal 

childcare only. 

3.4. Interpretation of the IV estimator and one-sided noncompliance 

If treatment effects are heterogeneous, IV estimates can only be meaningfully 

interpreted if the monotonicity (or uniformity, or ‘no-defier’) assumption holds. This 

assumption requires that all individuals who change treatment status in response to a 

change in the instrument, do so in the same direction (i.e., they either get all switched 

into the treatment, or all switched out of the treatment, as the instrument is switched 

from 0 to 1).  In this case, IV estimation identifies a local average treatment effect 

(LATE) representative for the subgroup of compliers (Imbens and Angrist 1994). 

Because we have a multivalued treatment (4, 7, or 11 months of exposure) and two 
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dummy variable instruments, our effect is a weighted average of several LATEs, as we 

clarify in Appendix C. 

In our application, we observe an interesting pattern according to which the only 

form of non-compliance with the school entry rules is towards earlier entry than 

recommended. We illustrate the compliance pattern in Figure 2, which shows how the 

interaction of birth month and school entry policy area affects the term of entry into first 

grade. The figure shows the shares of children entering in the first, second and third 

term of the academic year (on the y-axis), by birth month (on the x-axis). Each of the 

three panels (A, B and C) in the figure is for a different policy area (a group of local 

authorities operating the same school entry policy). For each birth month and policy 

area, there is a “correct” (rule-prescribed) entry term. The share corresponding to the 

correct entry term is marked with a circle. The “correct” entry term changes at the birth-

month cut-off dates, which are marked by vertical lines. In policy area A (Panel A), 

there are no cut-off dates within the academic year cohort, because there is a uniform 

rule of entry in the first term irrespective of birth month. The figure shows an almost 

perfect compliance with this rule, with the “correct” share being close to 1 over all birth 

months. In policy area B, children born up to February are subject to the same rule as in 

policy area A, but children born from March onwards are supposed to enter in the 

second term of the year. The corresponding figure in Panel B shows that, while almost 

all children born before the cut-off comply with the first-term entry rule, only about 40-

50% of children born from March onwards comply with the second-term entry rule. In 

policy area C, compliance with the first-term entry rule is close to 1 (first section of the 

graph), compliance with the second-term entry rule (middle section) is around 40%, and 

compliance with the third-term entry rule (last section) is around 30%. Overall, non-

compliance almost exclusively consists of earlier than rule-prescribed entry, i.e., non-
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zero shares for incorrect entry terms almost always refer to earlier entry terms than the 

recommended entry term. A likely motive for this is that early school entry provides a 

free form of childcare to parents. As we discuss in Appendix D, and show in Appendix 

Table A1, the estimated share of individuals who choose to enter school late, even 

though the rule indicates early entry is close to zero. That is, there are almost no never-

takers (Angrist, Imbens and Rubin 1996). This constitutes a special case of one-sided 

noncompliance with two important implications. First, one-sided non-compliance rules 

out the existence of defiers, and monotonicity is automatically satisfied (Imbens 2014). 

Second, LATE is equal to the average treatment effect on the untreated (ATU), and has 

thus strong external validity.19 The interpretation of our IV estimates, therefore, is that 

they capture the effect of extending exposure to early schooling for those individuals 

who currently have low levels of exposure.  

4. Results 

4.1. Graphic representation of the first stage and reduced form 

The discontinuities in the shares of children entering in each of the three terms 

shown in Figure 2 translate into corresponding discontinuities in the average duration of 

schooling in first grade by birth month and policy area. In Figure 3 we show that in 

policy area B, average exposure drops from 11 months for children born before the 

cutoff date to around 9 months for children born after the cutoff date. In Policy area C, 

                                                 
19

 The reason for this is that if there are no never-takers, all untreated individuals are compliers (with the 

instrument switched off). Moreover, the IV assumption that the instrument is as good as randomly 

assigned ensures that treated compliers (with the instrument switched on) and untreated compliers (with 

the instrument switched off) are similar. Therefore, if there are no never-takers, compliers are 

representative for the untreated. 
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average exposure drops from 11 to 9 months at the first cutoff, and then to around 8 

months at the second cutoff.  

To illustrate the reduced form of the relation, Figure 4 plots the average 

standardized test scores from the NPD dataset against birth months for the different 

policy areas. To filter out a common birth month (age-at-test) trend, the figure shows 

test scores for policy areas B and C relative to policy area A (in which exposure does 

not systematically vary by birth month). For policy area B (upper panel), comparing the 

averages before and after the March cutoff date reveals a drop in first grade test scores 

of about 10% of a standard deviation. For the third grade test score, the decrease is only 

about one third as large. In policy area C (lower panel), the first grade test score data 

reflect a drop equivalent to 15% of a test score standard deviation around the January 

cutoff date but no discernible drop around the May cutoff date. The third grade test 

score data show no drop around the January cutoff date and only a small drop of around 

4% of a standard deviation around the May cutoff date.20 

4.2. Cognitive Test Scores 

We now conduct a regression analysis of the cognitive test scores from the school 

exams, estimating equation (1) above. Table 3 first shows the different elements of our 

empirical strategy for one outcome, the total score from the teacher assessment at the 

end of the first school year, and for the two datasets we are using. Exposure is measured 

in months and, unless otherwise stated, outcomes are normalized to a mean of 0 and a 

standard deviation of 1. The exposure effect thus picks up the effect of a one-month 

increase in exposure measured in terms of the standard deviation of the outcome. The 
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 The reason the data points for the triangular first grade test scores fluctuate more strongly around 

their mean than the third grade test scores is that they are provided in the NPD data only as a 10% sample, 

whereas the third grade scores cover the full population. 
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first column of Table 3 shows estimates of a simple OLS regression disregarding the 

problem that exposure is endogenous, where we find an exposure “effect” of about 6% 

of a standard deviation. In the next two columns, we report reduced form or intention-

to-treat (ITT) effects obtained by regressing the outcome on expected exposure, with 

very similar reduced-form estimates of around .03 across the MCS and the NPD 

datasets. Columns 4 and 5 report IV estimates of about .09 obtained from the MCS and 

NPD datasets when expected exposure is used as a linear regressor. 21 The magnitude of 

the IV effect remains the same when specifying the instrument as two dummies instead 

of a linear regressor as shown in columns 6 and 7. Here, test statistics for the F-test of 

excluded instruments from the first stage are around 18, implying that the instruments 

are strong.
22

 Moreover, excluding policy area C, which has the lowest compliance rates, 

results in very similar estimates (columns 8 and 9).23 Overall, the IV results indicate that 

an additional month of exposure to early schooling increases the first grade total test 

score by about 9% of a standard deviation, a result that is remarkably similar across the 

MCS and NPD datasets. As we show in Appendix Table A2 and discuss in Appendix B, 

we also find a very similar magnitude if we implement an RD design instead of the 

difference-in-differences design. 

                                                 
21

 The reduced form (ITT) models reported in the second and third columns are similar to the models 

estimated by Crawford et al. (2007) and Leuven et al. (2010). Both of these papers do not observe the 

actual month of school entry, and in estimating the effects of the expected age-at-entry or school exposure 

on test scores, they identify reduced form effects. Our results suggest that ITT effects can be considerably 

smaller than IV effects: Our first stage estimate of 0.35 in the second panel of the table implies that the 

reduced-form estimate of about .03 has to be scaled up by a factor of 1/.35=2.9 to arrive at the IV estimate 

of .087. 
22

 Stock and Yogo (2005) define a strong instrument in terms of several different criteria, one of them 

being that the bias induced in the hypothesis testing be small enough that a nominal 5% hypothesis test 

actually rejects it no more than 15% of the time. The critical value for this criterion (with one endogenous 

variable and two instruments) is 11.59, and by this measure, our instruments are strong. 
23

 The first stage coefficient here is 1.47 for having 11 months instead of 7 months of expected exposure, 

corresponding to an effect of 1.47/4=.37 per month of exposure, which is not too dissimilar from the first 

stage coefficient in column 4. 
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In Table 4, we report the exposure effects on indices of language and numeracy 

skills, aggregated from a range of cognitive subject-specific scores taken at ages 5, 7 

and 11 (see Appendices F and G for a description of the different test scores), 

differentiating by gender, and based on the two-sample TSLS estimates, corresponding 

to column 7 of Table 3.24 At age 5, the effect on language skills is of roughly the same 

magnitude as the IV effect on the total score reported in the previous table, while the 

effect on numeracy skills is slightly smaller. Estimating separate effects by gender, 

obtained by interacting all regressors with gender dummies, we find that girls have 

slightly higher effects than boys in the language and numeracy scores. Further, the 

results in Table 4 also show a fading out of the effects at higher grades. The effects on 

test scores assessed at the end of third grade of elementary school at around age 7 are 

about 20 to 30% of the magnitude found for the first grade test scores. At age 7, an 

additional month of early schooling increases language skills by about 2 to 3% of a test 

score standard deviation, while effects on numeracy skills are in the range of 1 to 2%. 

The effects have largely disappeared, however, four years later at age 11, although a 

weakly significant but small effect remains for girls in language skills.
25

 Overall, 

therefore, we find substantial effects of earlier school attendance on cognitive outcomes 

at age 5 and smaller effects at age 7, which are more pronounced for girls than for boys. 
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 For outcomes that are available both in the NPD and the MCS data, the two sample TSLS 

estimates are our preferred specification because of their much higher precision given the much larger 

NPD sample size. In Appendix Table A3, we show the same outcomes using the MCS data. Although the 

results for age 5 are very similar, the effects at ages 7 and 11 are much less precisely estimated in the 

MCS. Because the NPD data does not provide the detailed measures on socio-economic status (SES) 

included in the MCS data, we first differentiate our results by gender, and turn to interactions with SES in 

section 4.4 using MCS data only. 
25

 Although the average gender difference found is small, the finding that girls have higher effects on 

average is in line with the gender differences identified by Anderson (2008), Cascio (2009), and Havnes 

and Mogstad (2011). 
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Our estimates for age 11 (6 years after school enrollment) hint at some effects for girls, 

but these are small in magnitude.  

The finding that our effects on cognitive test scores diminish at higher grades could 

imply that the effects are due to an initial disadvantage of the children who enter 

reception class later than their peers, but that these children ultimately catch up. A 

policy implication of this would be that important decisions based on test scores, such 

as future school type, should not be taken at a too early stage. Yet, despite this fading 

out of effects on cognitive test scores, early interventions could still have lasting effects 

by boosting noncognitive skills.26 To investigate this possibility further, we analyze the 

effects of early schooling on noncognitive skills and behavioral outcomes in the next 

section. 

4.3. Early Exposure to Schooling and Noncognitive and Behavioral Outcomes 

Table 5 reports the results of applying our IV strategy to aggregated noncognitive 

scores based on teacher, parent, and self-assessments at ages 5, 7, and 11 from the NPD 

and MCS datasets. These scores are described in detail in Appendices F and G. For age 

5 (Panel A), we have information on three teacher-assessed noncognitive outcomes 

from both the NPD and MCS data. We find positive effects for physical development 

(covering coordination and fine motor control); creative development; and personal, 

social, and emotional development. The effects are of similar magnitude for boys and 

girls and suggest a positive impact of earlier exposure to schooling on important 

                                                 
26

 Cascio and Staiger (2012) argue that, because of knowledge accumulation, the standard deviation of 

knowledge is likely to rise at higher grades. Standardising the outcome with the grade-specific standard 

deviation would therefore mechanically lead to fade-out at higher grades even if the underlying effect on 

absolute knowledge is constant. While Cascio and Staiger (2012) show that this mechanism can explain 

fade-out to some extent, it is unlikely to be the sole explanation for the strong fade-out to virtually zero 

that we observe in our data. 
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noncognitive behavioral outcomes. The effect size is about 6–7% of a standard 

deviation for an additional month of school entry, which is only slightly smaller than the 

effects on cognitive test scores at the same age shown in the previous table. 

Panels B and C of Table 5 report the results for outcomes assessed two and six 

years later, at age 7 and 11, by parents and by the child. At these later ages, information 

on noncognitive skills is only available from the MCS, which is of smaller sample size. 

We find that early exposure affects a range of behavioral responses at age 7. For 

instance, starting elementary school earlier improves academic interest and the 

relationship with the teacher for boys, and reduces disruptive behavior for girls, while 

effects on positive self-perception have positive point estimates for both genders but are 

statistically insignificant. Remarkably, these effects remain statistically significant and 

of a similar magnitude at age 11 (see Panel C, Table 5), where now the beneficial effect 

on disruptive behavior also gains significance for boys. This is in clear contrast to the 

fast fading-out of the effects on the cognitive skills, which we documented in the 

previous section.  

Overall, these findings confirm expectations that earlier exposure of 4-year-olds to 

same-age peers in a professional childcare setting, as well as exposure to early learning, 

rather than being harmful, actually fosters a range of important social skills throughout 

ages 5, 7 and 11.27 This is the case in particular for boys, for whom we find sizable 

beneficial effects (with magnitudes of around 10% of a standard deviation) at age 11 on 
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 This is in line with the view of child psychologists, that for children of this age group, exposure to 

peers and caregivers other than parents provides opportunities for child development that cannot be 

experienced at home, particularly so if the quality of non-parental care is high (Lamb and Ahnert 2006). 

Two commonly used measures of quality—student-to-teacher ratios and teacher salaries—suggest that the 

quality of care in UK elementary schooling is by no means low. In 2006, the ratio of students to teaching 

staff in elementary education was 19.8, similar to the ratios in France and Germany but higher than the 

ratio of 14.5 for the U.S. (OECD 2008, Table D.2.2). The ratio of an experienced elementary school 

teacher’s salary to GDP per capita was 1.3 in England in 2006, compared to the U.S. of 0.97 and an 

OECD average of 1.22 (OECD 2008, Table D.3.1). 
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the teacher relationship, academic interest and disruptive behavior, while for girls, from 

age 7 onwards, only the effect on disruptive behavior remains significant. 

4.4. The Role of Socioeconomic Status 

Given that providing early schooling programs is costly, it is important to 

understand whether such programs are particularly effective for certain groups, to which 

they could then be targeted. Hence, the literature on the effects of early schooling or 

child care programs usually looks at heterogeneous effects by parental background. 

Elder and Lubotsky (2009), for example, find stronger age-at-entry effects for children 

with higher socioeconomic family backgrounds, and Magnuson et al. (2007) find that 

positive cognitive effects from prekindergarten attendance are more long lasting for 

disadvantaged children. Likewise, observational studies of the effects of preschool 

programs in the U.S. on test scores also tend to find that the benefits are often greater 

for children from disadvantaged backgrounds (Currie 2001).  

To analyze the role of parental background, we measure socioeconomic status 

(SES) using the National Statistics Socioeconomic Classification, an instrument devised 

by the UK Office for National Statistics and provided as part of the MCS dataset. This 

measure classifies parental occupation into 14 categories, with the three highest 

categories being entrepreneurs of large establishments, higher managerial and 

administrative occupations, and higher professional occupations, and the lowest being 

semi-routine occupations, routine occupations, and “never worked or long-term 

unemployed.”28 We define family SES as the highest SES among the parents, and create 

                                                 
28

 See http://www.ons.gov.uk/ons/guide-method/classifications/current-standard-

classifications/soc2010/soc2010-volume-3-ns-sec--rebased-on-soc2010--user-manual/index.html for a 

description of the measure. This SES measure is based on a parent’s occupation when the child is 5 years 

old. If a parent is not working at that point, then his/her last known occupation from previous survey 

 

 

http://www.ons.gov.uk/ons/guide-method/classifications/current-standard-classifications/soc2010/soc2010-volume-3-ns-sec--rebased-on-soc2010--user-manual/index.html
http://www.ons.gov.uk/ons/guide-method/classifications/current-standard-classifications/soc2010/soc2010-volume-3-ns-sec--rebased-on-soc2010--user-manual/index.html
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dummy variables for “low SES”, corresponding to the bottom quartile of family SES, 

and “high SES”, corresponding to the three top quartiles of family SES. In terms of the 

underlying occupational categories, “low SES” includes the lowest three of these 

categories mentioned above. Being based on broadly defined occupational choice, this 

measure is likely to be largely determined by past educational and occupational choices 

and hence much less likely to be endogenous to (or an outcome of) the school entry 

decision for the child than alternative SES measures such as household income. As 

Appendix Table A4 shows, SES is indeed strongly correlated with socioeconomic 

family characteristics. For example, the share of homeowners among low SES children 

is about .44 versus .71 among high SES children, while the share of children with a low-

educated mother is about .62 among low SES children but about .41 among high SES 

children.29 

In Table 6, we report the exposure effects for ages 5, 7 and 11 on cognitive and 

noncognitive outcomes, allowing for interactions of early school exposure with 

indicator variables for high and low socioeconomic status (SES).  We use common 

factors that aggregate the different outcomes used in Table 5 into one overall cognitive 

score and one overall noncognitive score for each age group. The results in Table 6 

therefore also provide an overall synthesis of our results.30  For cognitive and 

                                                                                                                                               
waves is used. We classify repeatedly unemployed parents, for whom no prior information on occupation 

is available, as long-term unemployed. 
29

 In an international comparison, the UK occupies a medium place similar to the US when it comes to the 

strength of the correlation between family background and educational achievement (e.g., Figures 1-4 in 

Waldinger, 2007). 
30

 Using aggregate scores allows us to present the pattern of results with multiple outcomes and multiple 

interactions in a compact way. Nevertheless, for comparison we report in Appendix Table A5 the 

exposure effects for ages 5, 7 and 11 on the disaggregated cognitive and noncognitive outcomes as in 

Tables 4 and 5 allowing for interactions of early school exposure with socioeconomic status (SES). The 

pattern of results for the disaggregated outcomes replicates the pattern of results for the aggregate scores 

in Table 6. 
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noncognitive outcomes, there emerges a strong pattern in which the early exposure 

effects for boys are driven primarily by low SES boys, both at ages 5 and 7. At age 11, 

effects on cognitive outcomes have faded away, but a uniform positive effect on the 

noncognitive outcomes persists across SES for boys. For girls the positive exposure 

effect appears to be more uniform across socioeconomic groups, and largely fades away 

at later ages.  

Higher returns to early schooling for low-SES boys compared to high-SES boys 

imply that additional early schooling can contribute to closing the achievement gap 

between high and low SES boys.  To investigate to what extent this is the case, we 

relate the exposure effects to the ‘initial’ SES achievement gap. Because the exposure 

variable is centered around 7 months of exposure, the coefficient on low SES picks up 

the achievement gap among children with 7 months of exposure (i.e., who have two 

terms of schooling). For example, the coefficient of -0.492 on “Low SES” for boys in 

the regression of the noncognitive outcome score at age 5 in Table 6 indicates an 

achievement gap between high and low SES boys of 49% of a standard deviation. At the 

same time, the returns to exposure on noncognitive outcomes of low-SES boys at age 5 

exceed those of high-SES boys by about 8.5% of a standard deviation (.101-.015). An 

additional term (additional 4 months) of exposure would therefore reduce the SES gap 

in noncognitive outcomes at age 5 by about 34% of a standard deviation (4*8.5%), 

which amounts to almost three quarters of the initial gap of 49%. At age 7, additional 4 

months of schooling would even almost close the SES achievement gap in noncognitive 

outcomes for boys. Analogous calculations for cognitive outcomes at age 5 and 7 

suggest a similar pattern, according to which additional 4 months of early schooling can 

close the initial SES achievement gap for boys by about two thirds to three quarters. At 
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age 11, however, additional early schooling hardly affects the initial SES gap, which 

itself is generally smaller at that age than at the younger ages. 

Our results for ages 5 and 7 lend support to the hypothesis of Elder and Lubotsky 

(2009) that earlier exposure to a more formal school environment is beneficial for 

children from lower socio-economic backgrounds. These authors show that the 

combined (positive) age-at-entry and age-at-test effect is smaller for children from 

disadvantaged backgrounds. Our evidence reinforces their findings by showing that a 

direct substitution of time spent in the child care environment that precedes school entry 

for time spent at school, irrespective of the age-at-test, is highly beneficial for children 

from the lower end of the family background distribution, not just for cognitive but also 

for noncognitive and behavioral outcomes. Our results also suggest that this mechanism 

is driven by effects on boys only because girls seem to benefit uniformly from early 

schooling. Furthermore, the stronger effects for low-SES boys persist up to age 7, and 

effects become more uniform across SES for boys at age 11. 

5. Discussion and Conclusions 

In this paper, we investigate the effects of the length of exposure to early schooling 

before age 5 on cognitive and noncognitive outcomes at the ages of 5, 7, and 11. Our 

results show that, holding the age-at-test constant, receiving an additional month of 

early school exposure at age 4–5 at the expense of time spent in the counterfactual child 

care environment increases test scores at ages 5 and 7 by about 6–11% and 1–3% of a 

test score standard deviation respectively, but effects on test scores have largely faded 

away by age 11. While this seems to suggest that there is no benefit from additional 

early schooling for longer term cognitive development, we also show that the early test 

score effects are larger for low SES boys, and that an additional term  of early schooling 

reduces the achievement gap between low and high SES boys by 60-80% of its initial 
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magnitude because of the higher differential returns to low-SES boys. Thus, even if the 

overall cognitive effects are temporary, closing early SES achievement gaps may have 

important implications. It is particularly relevant if early decisions about future school 

attendance are based on cognitive test scores – as e.g. in the German tracking system, 

where tracking choices are made in grade 4, and therefore well within the window 

where we find effects. 

For noncognitive and behavioral outcomes, we find more persistent effects, at least 

up to age 11, the end of our observation window, and again evidence for stronger effects 

for low SES boys. Much in line with findings by Chetty et al. (2011) or Heckman, 

Malofeeva et al. (2010) for the STAR experiment and the Perry Preschool project 

respectively, our analysis thus suggests cognitive effects to be rather transitory, while 

noncognitive effects seem more persistent. Given that the birth cohort that we 

investigate has not yet left school, this conjecture defines an interesting agenda for 

future research.  

The reason why boys from low SES backgrounds have a stronger beneficial effect 

of additional schooling may be that their counterfactual outcome, when not being in 

school, is worse. This is in line with recent literature suggesting that girls are less 

affected by an adverse family background than boys. For example, family income seems 

to affect boys’ educational outcomes more than girls’ (see e.g. Milligan and Stabile 

2011), girls tend to perform better at school than boys despite being on average exposed 

to less favorable family backgrounds (Fortin et al. 2012), and the noncognitive 

development of boys seems to be more harmed by social disadvantage, non-traditional 

family structures, or a lack of parental input than that of girls (Bedard and Witman 
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2015, Bertrand and Pan 2013, Autor and Wasserman 2013, Autor et al. 2016, Brenoe 

and Lundberg 2016).31 

If parents behave differently toward sons than toward daughters as e.g. suggested 

by Baker and Milligan (2013), and if these differences in parental responses to child 

gender vary by SES, then they may explain why low-SES boys might have a worse 

counterfactual outcome when not enrolled in school, and thus a higher positive effect of 

additional early schooling. In Appendix Table A4 we provide descriptive evidence 

showing that even though parental characteristics and behaviors differ markedly by 

SES, these differences across family background are very similar for boys and girls. 

This suggests that a worse counterfactual outcome for low-SES boys as compared to 

girls cannot be explained by differential parental behavior. The most plausible 

alternative explanation is thus that boys and girls respond differently to moving from a 

low SES background to a more structured school environment, while parental behaviors 

towards them are similar. 

Our findings are relevant for the debate over optimal school starting age; that is, the 

concern that expanding universal schooling to ever earlier ages must necessarily have 

negative effects because school is simply not the right child care environment for the 

very young. Our results show that the effect of additional early schooling at age 4 to 5 

achieved by bringing the school starting age slightly forward is positive, and has 

especially large effects up to age 7 for boys from weaker socioeconomic backgrounds. It 

                                                 
31

 Developmental psychologists have noted that boys and girls may react differently to risk factors 

such as poverty, family breakup, and parental mental illness (see Werner 2000, Rutter 2000). They have 

also shown that during the first decade of life, boys are more vulnerable than girls to certain risk factors, 

including poverty and disharmony at home (Werner and Smith 1989, 1992), and that being raised by a 

single mother has stronger and more long-lasting adverse effects on boys (Hetherington et al. 1989). 

There is also evidence that females benefit more from protective factors that lie within the individual 

(personality traits, cognitive skills), while males benefit more from protective factors provided by the 

environment. These latter include the structure, organization, and rule enforcement that can be provided at 

school, which has been identified as a stronger protective factor for boys than for girls (Werner, 2000). 
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also has persistent effects on noncognitive skills until age 11 that are more uniform 

across SES for boys. This finding is particularly relevant from a U.S. perspective where  

only about two thirds of 4-year-olds are enrolled in any educational preprimary program 

(McFarland et al. 2017), and coverage to 4-year-olds of the major public preschool 

programs has largely stalled at around 40 percent since 2010 (Barnett et al. 2016).  
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Figures and Tables  

Figure 1: Age-at-entry effect and exposure effect 

 

Note: Moving from panel A to panel B illustrates the effect of 

varying the age-at-school-entry (AGEE) while holding exposure 

to schooling constant. This varies the age at the test (AGET) in 

the same way as the age at entry. This is the variation usually 

studied in the classical age-at-entry literature. Moving from panel 

A to panel C illustrates the variation in exposure to schooling 

generated by changing the age-at-entry but keeping the age-at-test 

constant. This variation is the one exploited in this study.  
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Figure 2: First stage expressed by shares of children per entry term 

Panel A: Policy Area A 

 
Panel B: Policy Area B 

 
Panel C: Policy Area C 

 
Note: The figure shows the shares of children entering first grade in the 

first, second and third term of the academic year (on the y-axis) by birth 

month (on the x-axis) and policy area (in the different panels of the 

figure). Vertical lines mark birth month cutoff dates, and the share 

marked by a circle refers to the “correct” entry term according to the 

relevant rule. See section 4.1 in the main text for a more detailed 

description. 

Data Source: Millennium Cohort Study. 
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Figure 3: First-stage expressed by average exposure 

 

Note: The figure reports average exposure to the first school year by birth month for 

three policy areas with different school-entry rules. The figure shows that the school-

entry rules have an impact on the average length of the first school year; that is, the first 

stage of our IV approach. In policy area A the school-entry rule is that all children enter 

in September (get 11 months of exposure) regardless of their birth month. The 

corresponding diamond-shaped data series shows strong compliance with that rule. In 

policy area B, children born between September and February are supposed to enter 

school in September (get 11 months of exposure), while children born from March 

onwards should enter in January (get 7 months of schooling). Indeed, we see a drop in 

average exposure from the birth month of March onwards in the corresponding square-

shaped data series. In policy area C children born between September and December are 

supposed to enter school in September (get 11 months of exposure), children born 

between January and April are supposed to enter in January (get 7 months of exposure), 

and children born from May onwards are supposed to enter in April (get 4 months of 

exposure). In line with these rules, the corresponding triangular-shaped time-series drops 

in the birth months of January and May. 

Data Source: Millennium Cohort Study. 
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Figure 4: Reduced form 

                               Panel A: Policy Area B 

 
                              Panel A: Policy Area C 

 
 

Note: The figure reports birth-month averages for first-grade and third-grade 

test scores for policy areas B (upper panel) and C (lower panel). The values 

shown are relative to policy area A in order to eliminate common birth-month 

(age-at-test) effects. The vertical lines represent the cut-off dates from the 

school-entry rules. Children to the left of the cut-off get on average more 

exposure to reception class than pupils to the right of the cut-off (see Figures 

2 and 3). Here, we show the associated difference in test scores. In policy 

area B, first-grade test scores drop by about 10% of a standard deviation and 

third-grade test scores about 3% of a standard deviation around the March 

cut-off date. In policy area C, first-grade test scores drop by about 15% of a 

test score standard deviation around the January cut-off date, and do not 

change noticeably around the May cut-off date. The third-grade test scores do 

not drop around the January cut-off date, and drop by around 4% of a 

standard deviation around the May cut-off date. 

Data Source: National Pupil Database.  
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Table 1: Balancing tests 
 

Dependent variable Data set EEXP 7 EEXP 11 N 
p-value joint 

significance 

Naming vocabulary score at age 3 MCS -0.037 0.027 6,752 0.30 

  

(0.051) (0.069) 

  

English not first language at home MCS -0.011 -0.005 7,805 0.53 

  

(0.010) (0.011) 

  

English not first language at home NPD -0.001 -0.002 42,702 0.96 

  

(0.006) (0.007) 

  

Mother left education before the age of 16 MCS 0.008 0.016 7,778 0.86 

  

(0.027) (0.030) 

  

Single parent MCS 0.007 0.016 7,805 0.82 

  

(0.032) (0.033) 

  

Parents on income support (age 3) MCS -0.009 0.002 7,134 0.73 

  

(0.027) (0.029) 

  

Home owner MCS 0.022 0.013 7,805 0.83 

  

(0.043) (0.045) 

  

Poverty indicator MCS -0.024 -0.009 7,796 0.56 

    (0.030) (0.035)     

 

Note: The table shows the uncorrelatedness of the instruments with a number of family background 

variables. Each line of the table represents a separate regression, in which the family background 

variable mentioned in the first column is regressed on dummy IV variables for 7 months of 

expected exposure (EEXP7) and 11 months of expected exposure (EEXP11) to the first school year, 

the reference being 4 months of expected exposure. The only control variables are local authority 

and birth month fixed effects.  Standard errors clustered at the level of the local authority are in 

parentheses. None of the coefficients is individually significant at the 0.01 level, nor are they jointly 

significant at conventional levels of statistical significance. 

Data Source:  The data source for each regression is indicated in the second column as  

MCS (Millennium Cohort Study) or NPD (National Pupil Database ). 
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Table 2: Incidence of childcare arrangements for preschool children in England, 2008 

 

(A) Attendance rates of formal and informal child care, 3-4 year-olds 

 

Attendance rate in 

% 

Parental child care only 10 

Mainly center-based child care 40 

Center-based and informal child care 31 

Center-based and other formal (such as child minders) 12 

Informal child care only 3 

(B) Time spent in types of formal child care, conditional on attending, all age groups 

 
Weekly hours 

 
median mean 

Nursery school  14.8 15.3 

Nursery class  12.5 14.7 

Day nursery  25.5 22.8 

Playgroup or pre-school  12.5 8.8 

Child minder  9 13 

 

Note: The table shows that attendance rates to formal child care among preschool 

children are high, and that formal child care attendance is mainly part-time. For 

comparison, full-time school attendance in the first school year is approximately 31 

hours a week. 

The child care types in panel (A) are constructed as mutually exclusive groups. The 

remaining 4% of children receive other types or combinations of child care. 

Data Source: Panel (A) was compiled from table 3.1 in Speight et al. (2009), panel 

(B) from table 2.8 in Speight et al. (2009). The underlying data source is the Childcare 

and Early Years Survey of Parents from the year 2008. 
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Table 3:  Early exposure effects on the FSP Total score at the end of first grade (age 5) 

          

 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Model: OLS   ITT, RF IV IV (2-Sample) IV IV (2-Sample) IV IV (2-Sample) 

Sample: Full Full Full Full Full Full Full Policy A 

and B 

Policy A 

and B 

Dataset: MCS MCS NPD MCS MCS, NPD MCS MCS, NPD MCS MCS, NPD 

Outcome equation (Dep. Variable: FSP Total Score) 

Exposure 0.063*** 0.031*** 0.031*** 0.087*** 0.089*** 0.082*** 0.084*** 0.060** 0.088*** 

 

(0.011) (0.011) (0.006) (0.025) (0.019) (0.025) (0.017) (0.027) (0.023) 

No. of observations 7,805 7,805 42,091 7,805 42,091 7,806 42,091 6,448 34,518 

First stage equation (Dep. Var.: Exposure) 

Dummy for expected exposure 

     

0.827** 0.827** 

  equal to 7 months 
     

(0.379) (0.379) 
  

Dummy for expected exposure 

     

2.339*** 2.339*** 1.468*** 1.468*** 

equal to 11 months 
     

(0.459) (0.459) (0.389) (0.389) 

Expected exposure as   0.350*** 0.350*** 

    linear regressor 
   

(0.060) (0.060) 
    

No. of observations 

   

7,805 7,805 7,805 7,805 6,450 6,450 

F statistic, test of excluded instruments     34.9 34.9 18.1 18.1 14.5 14.5 

Note: The table shows estimated effects of a one-month increase in exposure to the first school year on the total test score from the in-school assessment at the end 

of the first grade at age 5. Column (1) shows a simple OLS regression on the endogenous variable Exposure. Columns (2) and (3) show reduced-form estimates 

from regressions on expected exposure in the MCS and the NPD datasets. Columns (4) and (5) show IV estimates using linearly coded expected exposure as the 

instrument for the MCS dataset and the NPD dataset. Columns (6) and (7) show IV estimates using expected exposure coded as two dummy variables for the two 

datasets. Columns (8) and (9) present IV estimates for the two samples based only on policy areas A and B. All IV estimates involving the NPD dataset are 

estimated by 2-sample TSLS. The reported F-Statistics are for a test of excluded instruments. Control variables: dummies for gender, free school meal eligibility, 

English first language at home, ethnicity, birth month, and local authority. Standard errors clustered at the level of the local authority are in parentheses. 

Statistically significant at the *** 0.01 level, ** 0.05 level. 

Data Source: Indicated in the table header as MCS (Millennium Cohort Study) or NPD (National Pupil Database). 
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Table 4:  Early exposure effects on cognitive test scores at different ages, by gender 

 

 

Language Skills 

 

Numeracy Skills 

 

1st grade 3rd grade 7th grade 

 

1st grade 3rd grade 7th grade 

  Age 5 Age 7 Age 11   Age 5 Age 7 Age 11 

Actual Exposure 0.100*** 0.026*** 0.004 

 

0.073*** 0.014*** -0.002 

 

(0.020) (0.007) (0.004) 
 

(0.016) (0.005) (0.004) 

N 42,091 410,359 390,696 

 

42,090 410,217 393,833 

Actual Exposure * male 0.088*** 0.020*** -0.001 

 

0.066*** 0.009 -0.009 

 

(0.022) (0.008) (0.006) 
 

(0.018) (0.006) (0.006) 

Actual Exposure * 

female 0.112*** 0.032*** 0.009* 

 

0.082*** 0.019*** 0.005 

 

(0.023) (0.007) (0.005) 
 

(0.020) (0.006) (0.004) 

N 42,091 410,359 390,696   42,090 410,217 393,833 

 

Note: The table shows IV (2-sample TSLS) estimates for the effect of a one-month increase in exposure to the 

first school year on cognitive outcomes at different ages. Control variables: dummies for gender, free school 

meal eligibility, English first language at home, ethnicity, birth month, and local authority. Separate results for 

males and females are obtained by interacting all regressors with male/female dummies. 

Standard errors clustered at the level of the local authority are in parentheses. 

Statistically significant at the *** 0.01 level, ** 0.05 level, * 0.10 level. 

Data Source: National Pupil Database  (with first stage estimated in the Millennium Cohort Study).
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Table 5:  Early exposure effects on noncognitive and behavioural scores 

Panel A: Age 5, NPD and MCS 

 

Creative Development Physical Development 

Personal Social and 

Emotional Development 

Datset NPD MCS NPD MCS NPD MCS 

Exposure 0.065*** 0.057** 0.058*** 0.055** 0.063*** 0.056** 

 

(0.015) (0.026) (0.012) (0.024) (0.014) (0.025) 

N 42,090 7,805 42,090 7,805 42,091 7,805 

Exposure * male 0.057*** 0.038 0.069*** 0.053 0.058*** 0.051 

 

(0.018) (0.037) (0.018) (0.035) (0.019) (0.035) 

Exposure * female 0.071*** 0.078** 0.045*** 0.058** 0.068*** 0.062** 

 

(0.019) (0.033) (0.016) (0.029) (0.019) (0.029) 

N 42,090 7,805 42,090 7,805 42,091 7,805 

Panel B: Age 7, MCS 

 

Teacher 

relationship I 

(factor) 

Academic 

Interest I 

(factor) 

Positive self 

perception  I 

(factor) 

Disruptive 

behaviour I 

(factor) 

  Exposure 0.064** 0.058 0.039 -0.035 

  

 

(0.026) (0.036) (0.045) (0.030) 

  N 6,159 6,264 6,339 6,390 

  
Exposure * male 0.098** 0.120** 0.034 -0.006 

  

 

(0.042) (0.060) (0.065) (0.044) 

  
Exposure * female 0.027 -0.0048 0.042 -0.075* 

  

 

(0.039) (0.031) (0.047) (0.045) 

  N 6,159 6,264 6,339 6,390 

  
Panel C: Age 11, MCS 

 

Teacher 

relationship 

II (factor) 

Academic 

Interest II 

(factor) 

Positive self 

perception II 

(factor) 

Disruptive 

behaviour II 

(factor) 

  
Exposure 0.051 0.028 0.005 -0.081*** 

  

 

(0.043) (0.029) (0.026) (0.029) 

  N 5,317 5,861 6,250 6,246 

  
Exposure * male 0.108* 0.128*** 0.022 -0.105** 

  

 

(0.059) (0.045) (0.037) (0.046) 

  
Exposure * female 0.007 -0.050 -0.015 -0.060* 

  

 

(0.050) (0.041) (0.040) (0.031) 

  N 5,317 5,861 6,250 6,246 

  Note: The table shows IV estimates for the effect of a one-month increase in exposure to the first school year on 

noncognitive and behavioural outcomes. Panel A shows teacher assessments from the end of first grade, 

available in both the NPD and MCS datasets. Estimates involving the NPD dataset are estimated by 2-sample 

TSLS. In Panels B and C, the first four outcomes are dummy variables constructed from parent responses. The 

remaining outcomes are normalised factors obtained from a factor analysis on several outcomes. See Appendix F 

for a description of the dependent variables used in this table. Control variables: dummies for gender, free school 

meal eligibility, English first language at home, ethnicity, birth month, and local authority. Separate results for 

males and females are obtained by interacting all regressors with male/female dummies. 

Standard errors clustered at the level of the local authority are in parentheses. 

Statistically significant at the *** 0.01 level, ** 0.05 level, * 0.10 level. 

Data Source: Indicated in the table header as MCS (Millennium Cohort Study) or NPD (National Pupil 

Database). 
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Table 6: Early exposure effects on aggregated outcomes at ages 5, 7 and 11, by gender and SES 

 

 

Cognitive Factor 

 
Noncognitive Factor 

  Age 5 Age 7 Age 11   Age 5 Age 7 Age 11 

Male 

       
Exposure * High SES 0.030 -0.028 -0.010 

 

0.015 0.038 0.089** 

 

(0.039) (0.032) (0.055) 
 

(0.032) (0.035) (0.043) 

Exposure * Low SES 0.168*** 0.098** 0.017 

 

0.101** 0.093** 0.090 

 

(0.051) (0.049) (0.057) 
 

(0.048) (0.043) (0.062) 

Low SES -0.756*** -0.840*** -0.515*** 

 

-0.492*** -0.260* -0.093 

 

(0.153) (0.158) (0.172) 
 

(0.145) (0.134) (0.190) 

Female        

Exposure * High SES 0.091*** -0.012 -0.003 

 

0.076*** 0.008 0.013 

 

(0.029) (0.037) (0.044) 
 

(0.027) (0.023) (0.030) 

Exposure * Low SES 0.094*** -0.008 0.049 

 

0.054 -0.039 -0.045 

 

(0.034) (0.039) (0.050) 
 

(0.037) (0.029) (0.047) 

Low SES -0.311*** -0.299*** -0.557*** 

 

-0.136* 0.099 0.113 

 

(0.103) (0.103) (0.123) 
 

(0.076) (0.080) (0.147) 

N 7769 5761 4647   7768 6133 4732 

Note: The table shows IV estimates of the effect of a one-month increase in exposure to the first school 

year on cognitive and noncognitive outcomes. The overall cognitive and noncognitive outcomes are 

constructed as common factors of the more disaggregated cognitive and noncognitive outcomes used in 

Table 6. The Exposure variable is centred around 7 months of exposure. The coefficient on Low SES 

thus captures the achievement gap between high and low SES children with 7 months of exposure to 

the first school year. Control variables: dummies for gender, birth month, and local authority. Separate 

results for males and females are obtained by interacting all regressors with male/female dummies. 

Standard errors clustered at the level of the local authority are in parentheses. 

Statistically significant at the *** 0.01 level, ** 0.05 level, * 0.10 level. 

Data Source: MCS (Millennium Cohort Study). 
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