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Preface

This dissertation explores three fundamental factors in child development|neighborhood,
school, and family|focusing on how these factors in uence equality of opportunity.
Across three self-contained chapters, it combines rich administrative data from the
Netherlands with innovative survey insights to investigate how the environments
children grow up in shape their educational outcomes. From the quality of the
neighborhoods children live in and the age at which they enroll in school to
how parents allocate resources among siblings, this research uncovers how these
elements impact both academic success and the opportunities available to children.
The dissertation contributes to a deeper understanding of the forces shaping child
development and social mobility.

The rst chapter, which | authored alone, investigates how childhood residential
location a ects cognitive skills, focusing on the roles of neighborhood and primary
school quality in shaping children's school performance. Using administrative data
from the Netherlands, | estimate the causal e ect of neighborhood exposure|
de ned as the impact of time spent in a neighborhood|on children's test scores at
the end of their primary education. By comparing children who move at di erent
ages, | separate the e ects of exposure from those of sorting into neighborhoods.
The results show that for each additional year, a child spends in a neighborhood
with higher expected test scores, their test scores improve by approximately 2.5%
relative to the total gap between the lower- and higher-performing neighborhoods.
As families can choose primary schools without geographical restrictions in the
Netherlands, | can further isolate improvements attributable to school quality.
Approximately 40% of the observed test score improvements can be explained by
di erences in primary school quality. These ndings highlight the critical roles
of neighborhood environments and school quality in reducing spatial educational
inequalities.

The second chapter, co-authored with Antonio Ciccone, examines the Dutch
policy of enrolling children in primary education based on developmental skills
rather than date of birth, as is common in other countries. We show that compared
to enrollment by date of birth, the Dutch enrollment policy reduces di erences
in outcomes in primary and secondary education across birthdays and raises



outcomes of children with skill endowments at the bottom of the distribution.
We also nd that an enrollment policy solely based on children's skills would
lead to further improvements in equality of opportunity in primary and secondary
education.

The third chapter, co-authored with Katja Kaufmann and Pia Pinger, investigates
parents’ intra-household investment decisions, focusing on how parents' beliefs
about the productivity of their time investment (conditional on child ability)
and their equity-e ciency preferences in uence their investment into the human
capital of their children. We design and implement a survey to elicit parents’
beliefs and preferences using innovative survey instruments and analyze responses
from parents in the Netherlands. We uncover a negative correlation between
a child's academic potential and the parents' investment into this child relative
to its siblings. To explain this nding, we show that Dutch parents perceive
higher marginal returns from learning-related investments in less academically
able children. Moreover, on average, parents exhibit equality-focused preferences
in the treatment of siblings, i.e., they prefer to invest more into the less able
child. We introduce a unied framework demonstrating how the interplay of
equity-e ciency concerns and diminishing returns to parental involvement can
moderate disparities in intra-family investments. By linking our survey data
to administrative data from the Dutch Statistics Bureau (CBS), we show that
parents' equality-focused preferences lead them to invest in a way that reduces
the gap in academic outcomes among their o spring. Data on parents beliefs and
preferences also help in predicting di erential investments between siblings across
families. Actual investment di erences are smallest for parents with equality-in-
investment preferences. Parents who prioritize equality in outcomes are more likely
to invest additional resources in the less academically able child, while parents
who focus on e ciency and believe that higher ability leads to greater returns on
investment tend to direct more resources toward the more academically able child.



Chapter 1

Neighborhood Exposure E ects
In Cognitive Skills and the Role
of Primary Schools



Chapter 1

1.1 Introduction

Recent experimental and quasi-experimental studies provide evidence that the
neighborhood in which a child grows up is associated with long-term di erences in
educational and labor market outcomes (Chetty and Hendren, 2018a; Deutscher,
2020; Chetty et al., 2020; Lalibere, 2021). However, the mechanisms through
which neighborhoods in uence these outcomes remain less well understood. Emerging
research suggests that neighborhoods exert in uence through both contemporaneous
(situational) e ects shaped by the current environment and developmental (exposure)

e ects that accumulate over time'. Further investigation into these mechanisms

is essential for informing policies aimed at improving childhood environments and
expanding opportunities for disadvantaged populations.

In this study, | investigate whether neighborhood exposure|de ned as the
e ect of time spent in a speci ¢ neighborhood|a ects children's cognitive skills
development, particularly their school performance, as measured by standardized
test scores at the end of primary education. Additionally, 1 explore how much
of the observed neighborhood exposure e ects can be attributed to di erences in
school quality. By isolating the role of school quality, | aim to determine whether
improvements in test scores are primarily driven by the neighborhood environment
itself or by the quality of the schools children attend within those neighborhoods.

My empirical analysis draws on detailed administrative data from the Netherlands
that o er several advantages for studying these issues. First, the data include
standardized measures of academic performance at the end of primary school
and long-term outcomes, enabling consistent comparisons across regions. Second,
the dataset tracks children's residential histories from birth, allowing for precise
measurement of neighborhood exposure over time. Third, the Dutch system of free
school choice decouples residential location from school attendance, facilitating a
clear separation of neighborhood and school quality e ects.

In my main analysis, | de ne neighborhood at the municipality level, the lowest
tier of government in the Netherlands. | begin by documenting the variation in
school performance across municipalities. The results show substantial di erences
in standardized test scores between municipalities, even after accounting for family
background. For instance, among children with parental income at the 25th
percentile of the national income distribution, the di erence in expected test scores
between the highest- and lowest-performing municipalities can be as large as 15
percentage points in the national test score ranking.

To further explore the relationship between neighborhood exposure and school
performance, | apply anover designfollowing the framework developed by Chetty

1See recent review by Chyn and Katz (2021).
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and Hendren (2018a). This approach compares children who move between neighborhoods
at di erent ages. It allows me to estimate how much their academic outcomes
converge toward those of children who have always lived in the destination neighborhood
(i.e., permanent residents). The results suggest that moving to a neighborhood
with higher expected school performance is associated with gradual improvements
in own school performance over time: for each additional year of exposure, children
close the gap in end-of-primary school performance by approximately 2.5%, relative
to the di erence between lower- and higher-performing neighborhoods. This identi cation
strategy assumes that selection e ects related to moving into neighborhoods with
di erent school performance levels do not vary systematically with the child's
age at the time of the move. | control for family xed e ects and examine
subject-speci ¢ convergence patterns to test this assumption. The results of these
robustness checks are consistent with my main ndings.

| then examine the granularity of neighborhood dynamics. | replicate the
baseline analysis, restricting the sample to moves at a ner geographic levell
speci cally, buurten, the smallest geographical unit used by the Statistical Bureau
Netherlands with populations ranging from 1,000 to 5,000 residents. This allows
for a more granular analysis of neighborhood e ects. The results indicate that
neighborhood e ects are primarily localized. | also nd that only the closest
buurten have a signi cant impact on children's outcomes, with e ects weakening
as distance from the child's home increases. My ndings suggest that policies
aiming to improve educational outcomes may need to target very local areas to
be most e ective.

Finally, the institutional context of the Dutch education system, which has
a free school choice policy(Patrinos, 2011), allows me to decompose the total
neighborhood exposure e ects into components attributable to school quality,
neighborhood quality, and family quality. The results suggest that school quality
accounts for around 40% of the observed variation in test scores due to neighborhood
exposure. While these ndings highlight the potential importance of school quality,
other neighborhood characteristics also appear to play a role in shaping children's
academic outcomes.

This paper contributes to two strands of literature: the impact of neighborhoods
on child development and the role of schools in mediating this impact. First,
this study adds to the literature on neighborhood e ects on children's outcomes.
Chetty and Hendren (2018a) and Chetty and Hendren (2018b) document the long-
term impacts of neighborhood environments on children's economic and educational
trajectories, showing that the duration of exposure to better neighborhoods-measured
using outcomes of the permanent residents- is an important determinant of future
success. Chyn and Katz (2021) review this literature, emphasizing the importance
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of understanding how neighborhood e ects translate into di erent outcomes. Moreover,
studies such as those by Guryan et al. (2021) and Wodtke (2018) show that
neighborhood characteristics, such as access to resources and exposure to violence,
in uence cognitive development. At the same time, Jackson (2020) and Rossin-
Slater (2018) highlight the role of early childhood environments in shaping long-
term achievement. Building on this literature, my paper provides new evidence
from the Netherlands by analyzing how neighborhood exposure a ects school
performance, using data from a national standardized test administered to nearly

all pupils. This earlier measure of academic outcomes helps bridge the gap between
childhood exposure and longer-term educational outcomes, while the use of large-
scale administrative data allows for a comprehensive analysis. Parallel to my
study, Webbink, ter Weel, and Odding (2023) examines neighborhood exposure

e ects on income at age 30 in the same Dutch context, noting that de ning movers
based on parental addresses can introduce measurement errors, especially for older
children (ages 16-24). In my study, which focuses on children up to age 16, this
issue is less pronounced, as most children still live and move with their parents in
the Netherlands. However, | exclude cases where children do not move with their
parents to minimize potential bias.

Second, this paper contributes to the literature on the role of schools in mediating
neighborhood e ects. While extensive literature has explored the e ects of school
and neighborhood separately, studies combining these two contexts are still underdeveloped.
Sykes and Musterd (2011) uses Dutch data to examine the correlation between
the characteristics of neighborhoods and schools and educational outcomes. Unlike
their approach, | use outcome-based measures of neighborhood and school quality,
which allows me to avoid the issue of selecting speci ¢ observable characteristics
to proxy for quality. Card, Domnisoru, and Taylor (2018) uses state- and county-
level data from the early 20th century, showing that variations in school quality
were key drivers of regional di erences in upward mobility. Similarly, Rothstein
(2019) examines the impact of K-12 school quality on intergenerational mobility
using aggregate data at the commuting zone (CZ) level across U.S. cities. His
ndings suggest that school quality explains only a small portion of the variation in
intergenerational income mobility across regions, with broader factors like neighborhood
characteristics and economic conditions playing a more substantial role. In comparison,
my use of micro-level data allows for a more detailed analysis by linking childhood
environments directly to later educational outcomes, o ering more precision in
identifying the specic e ects of school and neighborhood quality. Consistent
with the ndings of Gibbons and Silva (2018) and Aizer and Currie (2019), | nd
that school quality is an important determinant of later education attainment.

My study also provides evidence that variation in test scores due to neighborhood
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di erences can be attributed to di erences in school quality.

A directly related study is Lalibere (2021), which developed an innovative
approach to decomposing neighborhood exposure e ects into the portion attributable
to school quality and the portion due to non-school neighborhood factors. Set in
Montreal, Canada, the study leverages the special institutional context, where
the primary school catchment area boundaries for French and English schools do
not perfectly overlap, to disentangle the long-term e ects of school quality and
neighborhood characteristics on educational outcomes. The ndings reveal that
50 to 70 percent of the total e ect of living in a better neighborhood on educational
attainment is attributable to school quality, with the remaining portion tied to
non-school neighborhood characteristics.

While my study build on the decomposition approach developed in Lalibere
(2021), my study features several di erences. First, the primary school system in
the Netherlands has no formal school catchment areas, meaning parents are free
to send their children to the school of their choice (Patrinos, 2011). This unique
feature disentangles school choice from residential location choice, allowing for a
clearer separation of school and neighborhood e ects. Second, unlike in Lalibere
(2021), where children with di erent mother tongues might face cultural barriers,
children attending di erent schools in the Netherlands typically encounter no
language-based barriers with their neighbors. This situation is more common
globally and may be more representative. This di erence could explain why,
in my study, the neighborhood share of the e ect is higher than in Lalibere
(2021)'s ndings. Third, given that the government equally funds both private
and public primary schools in the Netherlands, and all school enrollments are well
documented, | can examine the entire population of the Netherlands, capturing
a more diverse cross-section of the population compared to the sample of public
schools from Montreal Island used in Lalibere (2021). Lastly, although | could not
employ a boundary discontinuity design, observing family income and schooling
from the administrative data allows me to better proxy for family environment
and separate those e ects from school and neighborhood quality.

The remainder of this paper proceeds as follows. Section 2 provides an overview
of the Dutch education system and details the data used in the study. Section 3
outlines the empirical strategy and presents the main results. Section 4 conducts a
mediation analysis to disentangle the e ects of school quality from other neighborhood
factors. Section 5 concludes with policy implications.
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1.2 Data and Institutional Background

1.2.1 Data Source and Sample Selection

| use a comprehensive administrative database from the Netherlands, managed by
Statistics Netherlands (Centraal Bureau voor de Statistiek, CBS).This database
covers the country's entire population and provides detailed information that
enables tracking individuals both geographically and over time. Di erent datasets
in the database can be linked through individual random identi cation numbers.

The selection of birth cohorts is based on the availability of three primary
datasets: the municipal registry (1995{2022), the CITO test scores at the end of
primary education (2006{2019), and education enrollment records (2003{2022). |
restrict the sample to individuals whose moving history is fully observable from
age 1, including birth cohorts from 1994 onward. Due to the cancellation of the
CITO test in 2019 during the pandemic, children born after 2007 are excluded, as
some of them did not take the test as they otherwise would have.

| assess educational attainment at age 24, by which time nearly all individuals
in the Netherlands have typically completed or are concluding their education.
This age selection aligns with previous studies that evaluate educational outcomes
at entry into the labor market. Given that 2022 is the last available year for
education enrollment records, the latest birth cohort for which |1 can observe
educational attainment at age 24 is 1998.

The main sample comprises all children who meet the following criteria: (i)
inclusion in the municipal population register from birth, (ii) birth between 1994
and 2007, (iii) at least one parent is identi able, and (iv) their CITO test scores
are available for the years 2006 to 2019. Every individual who has resided in the
Netherlands since 1995 is included in the municipal population register. Undocumented
immigrants and asylum seekers, who are typically not registered, are the primary
groups excluded from the sample. Children are linked to parents using data on
legal parent(s) from the municipal population registers, and only those with at
least one identi able legal parent are included in the sample.

1.2.2 Neighborhoods and Movers

| determine the neighborhoods of parents and children using their home addresses
registered in the municipal population register, which are continuously updated

based on administrative data from schools and social security agencies. The
municipal population register is the government's primary means for communicating

2The database is accessible via a remote-access computer after a con dentiality statement
has been signed.



Chapter 1

with citizens on various issues, including taxes, income, and social security matters.
The Dutch data uniquely enable identifying the addresses of children and those of
their parents separately, allowing for precise analysis. | code relocations based on
the child's address in the baseline analysis. When individuals relocate, they must
notify the municipal administration of their old and new addresses, along with the
exact date of the move. Using birth date data, | can calculate the age at the time
of the move with day-level precision.

The geographic information available for this study is exceptionally detailed,
allowing observations of an individual's address down to the speci ¢ building and
enabling precise calculations of moving distances. To de ne relevant neighborhoods,
| use two levels of granularity. My baseline analysis focuses on municipalities.
As of 2011, the Netherlands has 419 municipalities with an average population
of approximately 40,000. For comparison, the study of Chetty and Hendren
(2018a) is at the level of 741 commuting zones, averaging approximately 380,000
inhabitants. Municipalities are crucial in administering various local services,
including education, as they implement national education laws and regulations
at the local level. This administration includes overseeing the establishment and
maintenance of schools, ensuring compliance with educational standards, and
supporting special education needs.

For a more detailed analysis of local interactions, | de ne neighborhoods at a
smaller scale, speci callybuurten in Dutch. A buurt is the smallest geographical
unit used by the Statistical Bureau Netherlands, typically corresponding to a well-
de ned area within a city or town. There are approximately 11,00®uurten across
the country with populations ranging from 1,000 to 5,000 residents. The number
of schools perbuurt varies, with urban areas having more schools, while many
rural buurten possibly having none. The number of primary school-aged children
per buurt ranges from 100 to 300. This level of granularity allows for a more
precise examination of local dynamics and social interactions, which is crucial for
studying the impact of localized factors on educational outcomes.

| divide the sample into permanent residents (or stayers) and movers. Permanent
residents in each neighborhood are de ned as the subset of children born and
residing in a single neighborhood up to age 15. Movers are non-permanent residents,
with one-time movers de ned as those who move exactly once with their parents
across neighborhoods before the age off19he main sample has approximately
1.7 million children for whom | observe CITO scores, including about 1.3 million
permanent residents and 295,000 one-time movers.

3In a recent study, Webbink, ter Weel, and Odding (2023) argue that including parental
moves without children could introduce measurement error in this type of design. Therefore,
| only consider cases where the addresses of both children and parents change simultaneously
when de ning movers.
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1.2.3 Institutional Setting

Education in the Netherlands is compulsory from age 5 to 16, with many children
beginning at age 4. The system is split into primary, secondary, and tertiary
education.

Primary education in the Netherlands is characterized by a unique system
of free school choice: families are not limited by residential catchment areas
when selecting schools. Parents can enroll their children in any primary school|
public, private, religious, or special education|regardless of their geographic
location. All schools must meet the same national educational standards and
receive government subsidies to ensure equitable funding across di erent types of
schools. The central government provides the majority of nancial resources for
schools, including funding for teacher salaries, instructional materials, and student
support services. This centralized funding model is designed to ensure that all
schools, irrespective of their type or location, can deliver high-quality education
and adhere to the national curriculum guidelines. It highlights the freedom of
choice, the nancial equality across school types, and the role of government
subsidies in ensuring consistent educational standards across all schools in the
Netherlands.

This structure contrasts with the U.S. context studied by Chetty and Hendren
(2018a), where educational opportunities, especially those provided by the states,
are more directly tied to the neighborhood in which a child resides. In the U.S.,
school catchment areas typically restrict families to public schools within their
residential zone (e.g. Epple and Romano, 2003), making it di cult to disentangle
place e ects from school e ects. In contrast, the Dutch system's freedom of choice
allows parents to bypass geographic limitations, o ering a unique opportunity to
identify the separate e ects of neighborhoods and schools on educational outcomes.

A structured and diverse secondary education system complements the freedom
of primary school choice in the Dutch primary system. After primary school,
students are tracked into one of three main paths|VMBO (pre-vocational), HAVO
(senior general), or VWO (pre-university)|based on their performance. These
tracks cater to students' varying abilities and aspirations, preparing them for
tertiary education in vocational training (MBO) or at universities of applied
sciences (HBO) or research universities (WO).

MBO o ers vocational education and training at four levels, preparing students
for the labor market or further studies. Students are typically directed into one
of these four pathways after completing secondary education, following the same
track as in their secondary schooling. HBO institutions focus on professionally
oriented programs, while WO institutions emphasize academic and research-based
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education. Both HBO and WO o er bachelor's and master's degrees, with the
possibility of advancing to doctoral programs at research universities.

The entry into tertiary education is highly structured, with most students
beginning their bachelor's programs immediately after secondary school. Most
students complete their education e ciently, with many reaching the nal stage
of their studies or having already nished their degrees by 24 (OECD, 2023;
European-Commission, 2019).

1.2.4 Variable De nitions

In this section, | de ne the key variables used in the analysisparental income
CITO test scores and educational attainment

Parental Income. Parental income is de ned as the sum of the disposable
incomes of the father and mother when the child is between 9 and 12. If parents are
separated, parental income is calculated as the average of the mother's disposable
income and that of her spouse. If this information is unavailable, the income is
based on the mother's disposable income alone. The income variable is top-coded
at ¢ 1 million. Following Chetty and Hendren (2018a), | convert incomes into
percentile ranks relative to the national distribution for the child's birth cohort.
This method improves comparability across individuals and reduces the in uence
of outliers and lifecycle income variability.

CITO Test Scores. Children's academic performance at the end of their
primary education is measured using the so-called CITO test. In the Netherlands,
primary education consists of six grade levels, and children typically complete
their primary education at age 12. Schools can choose the provider of the end-
of-primary education test they administer. Approximately 85% schools opt for
the CITO test, renowned for its comprehensive assessment of key subjects such
as mathematics, Dutch language, and study skills. Participation is mandatory for
all enrolled students once a school decides to administer the CITO test. End-of-
primary education test scores are high-stakes as teachers consider them in making
recommendations for each student's secondary school track. The CITO scores
range from 500 to 550 and are standardized across years to ensure consistency. As
with parental income, | convert the raw test scores into percentile ranks within the
child's national birth cohort. This approach allows for a more nuanced comparison
of relative academic performance across regions and periods. Percentile ranks are
calculated both overall and by subject area.

Educational Attainment. Educational attainment is measured use the
highest degree or academic quali cation obtained by the age of 24. Degrees
are then converted into years of schooling, following the International Standard
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Classi cation of Education (ISCED) system. This conversion ensures a consistent
and comparable measure of educational achievement across individuals, facilitating
a robust analysis of how early-life factors a ect long-term educational outcomes.

1.2.5 Summary Statistics

Table 2.1 lists the variables included in the study and provides summary statistics
for the primary analysis samples|which consist of birth cohorts from 1994 to
2007]and presents these statistics for the entire population and by moving status.
Consistent with previous studies, | nd that movers and permanent residents
have similar characteristics. For instance, the median family disposable income is
nearly ¢, 43,000 for both groups. The same pattern applies to children's educational
attainment and test scores, which are comparable between both groups.

1.3 Identifying Childhood Exposure E ects

| use the empirical framework of Chetty and Hendren (2018a) to estimate how

childhood exposure a ects school performance. This method involves two key
steps. First, | use the outcomes of permanent residents to predict the expected
outcomes for children growing up in various neighborhoods. In the second step,
| focus on children who moved once during childhood. | analyze how moving

one year earlier in uences children's outcomes by estimating how the expected
outcomes from those in the origin neighborhood converge to those in the destination
neighborhood. Speci cally, the model captures the rate at which a child's outcomes

converge toward the outcomes of permanent residents in the destination area, with
each additional year spent in the destinatior.

1.3.1 Step 1. Estimating Neighborhood-Level Predicted
Outcomes

In the rst step, | generate predicted outcomes for children growing up in di erent
neighborhoods using data from permanent residents. To do this, | estimate the
relationship between parental income ranks and children's CITO scores within
each municipality. This relationship is captured by the following linear regression
model:

CITOi = ¢+ Pt i (1.2)

4For a comprehensive and formal introduction to this identi cation strategy, see Chetty and
Hendren (2018a).
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where CIT O; denotes the child's CITO scorep; is the parental income rank, .
represents the neighborhood (municipality) xed e ect, and . measures the e ect
of parental income rankp; on child outcomes within each neighborhood. The error
term ; accounts for unobserved factors that may in uence a child's outcomes.

In my baseline speci cation, | focus on the e ects of parental income rank,
omitting variation by birth cohorts, unlike Chetty and Hendren (2018a). This
is because, unlike other educational systems that group students by birth year,
school entry in the Netherlands is determined by developmental readiness, making
cohort distinctions less relevant. In my robustness analysis, however, | account
for neighborhood predicted outcomes within birth calendar years to ensure the
robustness of my ndings. Consistent with Chetty and Hendren (2018a), | use
rank-based measures to avoid issues related to attenuation and life-cycle bias.

After estimating the model, | calculate two key predicted outcomes for each
child in the sample of movers:y,, denotes the predicted outcome if the child
grew up entirely in their origin neighborhood. Andyy, denotes he predicted
outcome if the child grew up entirely in their destination neighborhood. These
predictions will later be used to compute the \expected gains" from moving
between neighborhoods by tracking the change from outcomes expected in the
origin neighborhood to those expected in the destination neighborhood.

Figure 1.1 maps children's test scores by municipalities for children whose
parents are at the 25th income percentile. Children's outcomes vary signi cantly
across municipalities. For example, among children with parents at the 25th
percentile, CITO scores are approximately 15 percentage points higher in municipalities
at the top (95th percentile) of the mean test score distribution than those at the
bottom (5th percentile).

1.3.2 Step 2: Estimating the Impact of Neighborhood Moves
on Child Outcomes

In the second step, | use the sample of movers to assess how the age at which
children move between neighborhoods a ects their outcomes. Speci cally, | test
whether children who move at younger ages demonstrate more of the predicted
di erence between their origin and destination neighborhoods. To quantify this,
| estimate a child's eventual CITO score as a function of two key factors: their
predicted outcome in the origin neighborhoodyg,) and the predicted change in
outcomes resulting from the move to the destination neighborhood pdp=yq,
Yop), interacted with the child's age at the time of the move ().

Consistent with Chetty and Hendren (2018a), the model is estimated using a
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semi-parametric approach, represented by the following speci cation:

5
CIToi = X I(mi = m)[ mt mPit myop+ bm Odd-l_ i (1-2)
m=0
whereCIT O; is the eventual CITO score of child, ,, is an intercept that varies
with the age at which the child moves, ., is the age-specic e ect of parental
income rankp;, and |, is the age-speci c coe cient on the predicted outcome in
the origin neighborhood ¥,p).

The key parameters of interest are thdy, coe cients, which measure how
much of the predicted change in outcomes from moving to a new neighborhood
( odp is realized by children moving at di erent ages. In other words, these
coe cients capture the degree to which children's outcomes shift toward the
outcomes predicted for their destination neighborhood, depending on their age
at the time of the move. The dierences between these coe cients|such as
b, by |are interpreted as the impact of additional exposure to a neighborhood
with higher predicted outcomes.

The rate of convergence to the outcomes of permanent residents in the destination
neighborhood is used to measure the e ects of neighborhood exposure. In this
context, the model identies how much of the dierence between origin and
destination outcomes is absorbed by children, depending on when the move occurs.

1.3.3 Identi cation Assumptions

The coe cient k, captures both selection and exposure e ects. Selection e ects
arise because families who move to better neighborhoods may di er systematically
from those who stay, even after controlling for observed socio-economic factors
such as income or education level. These di erences may be driven by unobserved
characteristics, such as preferences for education or aspirations for their children,
which could bias the estimated e ects of the neighborhood. In contrast, exposure
e ects re ect the causal impact of the time spent in a new neighborhood on a
child's educational outcomes.

To separate the exposure e ect from the selection e ect, | make two key
identi cation assumptions following Chetty and Hendren (2018a): Constant
Selection E ects assumes that selection e ects do not systematically vary with
the child's age at the time of the move. In other words, the characteristics
driving a family's decision to move are assumed to be constant across di erent
ages. This allows me to attribute dierences inhb, for children who move at
di erent ages primarily to di erences in exposure time rather than unobserved
di erences in family characteristics. Linearity of Exposure E ects suggests
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that the e ect of neighborhood exposure grows linearly with the time a child
spends in the destination neighborhood. Under this assumption, each additional
year spent in the new neighborhood contributes equally to the child's outcomes.
The improvement in outcomes from moving one year earlier can then be interpreted
as a constant exposure e ect.

Given the rst assumption, the di erence betweenh, values for children who
move at di erent ages can be interpreted as the causal e ect of neighborhood
exposure. The dierenceb,;; h, reects the annual exposure e ect, which
measures how much a child's outcomes improve with each additional year spent
in the new neighborhood. This framework allows me to estimate how outcomes
converge toward those of permanent residents in the destination neighborhood
over time.

Assuming exposure e ects are linear, as posited in the second assumption, |
can further parametrize equation (1.2) as follows:

)45
CITO; = L(mj=m)[ m+ mYop + mpi]
m=0
+ KM 12)( %+ (12 M) ogp
+ C(m; > 12)( %+ (m;  12)) o+ i (1.3)

In this speci cation, the coe cient  represents the annual exposure e ect for
children who move at age 12 or earlier. It captures the average e ect of moving
one year earlier to a neighborhood where permanent residents score one percentile
higher on educational outcomes. Similarly, the coe cient measures the corresponding
slope for children who move after age 12, capturing how exposure to a new
neighborhood a ects older children's outcomes.

By estimating these coe cients, | can calculate the annual exposure e ect for
di erent age groups and infer the overall impact of neighborhood exposure on
long-term outcomes. This approach allows me to introduce additional controls
such as family xed e ects.

Figure 1.2 displays estimates oh, from Equation 1.2, revealing two main
patterns: selection e ects after age 12 and exposure e ects before age 12. The
positive values ofb, for agesm > 12 clearly indicate selection e ects, as moves
after age 12 cannot causally a ect CITO test scores, which are obtained at age 12.
This nding suggests that children in families who move to better neighborhoods
often have favorable unobservable attributes. Furthermore, the degree of selection
remains constant across ages above 12, as evidenced by a statistically insigni cant
slope of 0.001 when regressiig, on m. This stability aligns with the assumption
that selection does not signi cantly vary based on the child's age at the time of
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moving.

Figure 1.2 also shows a steady decline iy, estimates with the age at move
(m) for m < 12. According to the rst assumption, this downward trend provides
evidence of exposure e ects, meaning that moving to a better neighborhood earlier
in childhood results in greater bene ts. The linear relationship betweeh,, and
the age at move () for ages below 12 suggests that the exposure e ect remains
relatively constant across di erent ages. A regression ¢k, on m for ages below
12 estimates an average annual exposure e ect of 0.025, indicating that children's
outcomes improve and align with those of permanent residents at a rate of 2.5%
per year of exposure up to age 12.

1.3.4 Validation of Identi cation Assumptions

One key threat to identi cation is the possibility that families who move at
di erent times do so for di erent unobservable reasons. For instance, families
moving when their children are young may prioritize long-term educational opportunities,
while those moving when their children are older might do so for reasons related to
employment or nancial constraints. This would violate the rst Assumption. The
result could bias estimates of the neighborhood e ects, as variation i, across
ages may capture di erences in family characteristics and not just di erences in
exposure time.

To address the concern of family selection e ects, | incorporate family xed
e ects into the model following the approach of Chetty and Hendren (2018a). This
approach allows me to compare siblings who moved at di erent ages but share
the same (observed and unobserved) family background, including the learning
environment in the family and the educational preferences and aspirations of the
family. Put di erently, by examining within-family variation, | can isolate the
e ects of neighborhood exposure from family-speci ¢ selection e ects. The key
insight is whether the di erence in school outcomes between siblings is proportional
to their di erence in exposure time, once family-level confounders are held constant.

However, time-varying factors, such as a parent's new job or changes in household
nancial circumstances coinciding with the move, could still introduce bias. To
account for this, | also implement outcome-based placebo tests designed to test
whether neighborhood exposure speci cally a ects the outcome of interest rather
than unrelated outcomes. The detailed Dutch data allows me to examine subject-
speci c test scores, providing a novel test of whether the neighborhood's advantage
in a particular subject, such as math, translates into stronger gains in that same
subject for children exposed to the neighborhood. If the causal model holds, a
child's math test scores should correlate more strongly with the neighborhood's
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math performance than unrelated subjects like the Dutch language. This approach
ensures that the observed e ects are speci c to the neighborhood's in uence rather
than being driven by unobserved time-varying factors or general improvements
unrelated to subject-speci ¢ advantages.

| implement these robustness tests in Table 2.B.3. Column 1 presents estimates
of the average annual exposure e ect of 3%, which are robust across various
speci cations and outcome de nitions. Column 2 shows that controlling for maternal
education and immigration background vyields similar results. Columns 3 and
4 show that even when analyzing the data by subject, the convergence e ects
persist. Column 5 provides estimates where permanent residents’ outcomes are
measured based on their birth year. Column 6 shows results using variation in age
at moves within families when parents relocate. Across these various robustness
tests, the results remain consistent, reinforcing the robustness of the exposure
e ect estimates.

1.3.5 Relevance of School Performance for Long-Term Educational
Outcomes

The ndings demonstrate substantial e ects of childhood exposure to higher-
quality neighborhoods on school performance, as measured by CITO test scores.
The remaining question is whether these early improvements in school performance
translate into better long-term educational outcomes, such as years of schooling
or overall educational attainment. This issue is examined in detail il\ppendix
A, where the relevance of school performance at age 12 for predicting educational
attainment at age 24 is analyzed. The methodology builds on Rothstein (2019),
who explores how schools mediate the intergenerational transmission of income,
focusing on educational outcomes as a mediator for long-term socioeconomic mobility.
Compared to Rothstein (2019), who decomposes income variation at the commuting
zone level, a key advantage of the Dutch data is the ability to link end-of-primary-
school performance to educational attainment at age 24 directly.

The mediation analysis inAppendix A decomposes the total e ect of parental
income on children's long-term educational attainment into direct and indirect
e ects. The indirect e ects focus on primary school performance as a mediator,
allowing us to assess whether improvements in CITO test scores|driven by exposure
to higher-quality neighborhoods|signi cantly contribute to educational attainment,
measured in years of schooling. This analysis clari es how school performance is a
crucial mechanism linking neighborhood quality to children's long-term educational
trajectories.

The results suggest that di erences in school performance account for approximately
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40% of the variation in educational attainment across neighborhoods. This highlights
that improvements in CITO test scores, resulting from better neighborhood environments,
have signi cant implications for long-term outcomes. The role of schools in my
context appears larger than in Rothstein (2019) (He estimated skills mediate 11%

of the spatial income variation). This may be due to two reasons: First, my
analysis focuses on primary school performance and its impact on educational
attainment, whereas Rothstein (2019) examines income as the outcome. Second,
the school tracking system in the Netherlands makes primary school performance
more decisive for future educational success, as early school performance determines
secondary school placement, shaping long-term educational trajectories. Therefore,
improvements in primary school performance have more immediate and far-reaching
consequences within the Dutch educational system.

1.4 Mechanisms

To determine the mechanisms underlying my ndings, | identify neighborhood
e ects more granularly by evaluating the impact of moves acroskuurten, the
smallest administrative units in the Netherlands. | then explore the spatial decay
of these e ects, investigating how geographic proximity in uences neighborhood
outcomes. Finally, I examine the role of educational institutions in explaining
neighborhood e ects.

1.4.1 Buurt-Level Exposure E ects

| rst replicate the exposure e ects analysis from Section 3, focusing on children
who moved across di erentbuurten while staying within the same municipality.
Buurten are highly localized areas, with approximately 1,400 residents on average
and a range of around 500{2,000 residents. Hendmjurten are much smaller than
municipalities; in urban areas, they can be as small as a few city blocks.

Each buurt typically contains one or two primary schools, depending on the
density and size of the population, although some small&uurten may not have
any schools within their boundaries. Buurten may also di er substantially in
their availability of local amenities such as churches, small parks, playgrounds, or
community centers.

Given the diversity and the small scale dbuurten, they provide a granular view
of interactions that operate locally compared with the larger, more heterogeneous
municipalities. Because | focus on moves acrdasurten within the same municipality,
the municipal policies|such as educational reforms, public services, or economic
initiatives|should a ect both the origin and destination buurten in a similar
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way. Therefore, any outcome di erences after a move are likely driven by local
within- buurten factors, such as peer interactions, social networks, local norms, or
environmental characteristics.

By focusing on such small-scale geographic units, | can better isolate the
in uence of local dynamics and community interactions that may not be captured
when analyzing larger areas such as municipalities. The fact that these moves
often occur over distances of only a few kilometers emphasizes the importance
of neighborhood-level social and environmental factors, as opposed to broader
municipal policies.

The estimation results, shown in Figure 1.3, reveal that moves acrolssurten
also exhibit clear exposure e ects, with patterns similar to those observed in inter-
municipality moves. Even with highly localized moves, often within a very short
distance, children experience signi cant gains in standardized test scores. This
suggests that neighborhood e ects operate highly granularly, driven by localized
social and environmental dynamics within eachuurt, rather than broader municipal-
level interventions.

1.4.2 Spatial Decay of Neighborhood E ects

The available data allow me to investigate to what extent neighborhood e ects are
within a buurt rather than acrossbuurten located close to each other. My analysis
is similar to that of Chetty and Hendren (2018a) at the census-tract level in the
U.S. To capture the spatial decay of neighborhood e ects, | estimate a regression
in which the predictions for the origin and destination neighborhoodsy{/ and ¥p)
are replaced with predictions for the child's speci douurt. In addition to these
immediate neighborhood e ects, | include interactions between the child's age at
the move and the average observed outcomes in the 10 closestrten to the
origin and destination neighborhoods. The selection of these ten closest buurten
is based on the distance between their geographic centers.

The decision to include the 10 closest buurten is motivated by the fact that,
in the Netherlands, most children attend schools and participate in activities
within a radius of 1 to 3 kilometers from their homes. Therefore, nearby buurten
often share key community resources, such as schools and recreational facilities,
and children frequently interact across these small boundaries. By incorporating
this surrounding buurten, | capture potential spillover e ects from neighboring
environments, such as shared peer groups, social networks, or common access to
public goods.

5The geographic distance betweenbuurten is the straight-line distance between their
geographical centers. The 10 closedtuurten are then ranked based on proximity, from nearest
to farthest.
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The results, presented in Figure 1.3, reveal a clear pattern of spatial decay.
Moving to a higher-performing buurtjwhere permanent residents achieve test
scores one standard deviation higher|has the strongest e ect in the child's own
buurt. However, the impact of nearby buurten rapidly diminishes with distance.
By approximately 1 to 1.5 kilometers away, the e ect becomes negligible. These
ndings suggest that policy interventions aimed at improving child development
in speci c areas should be targeted at the micro-level, within théuurten of the
children. Broader municipal or regional policies may not have any e ects.

Figure 1.4 presents the results, showing that relocating to a neighborhood with
higher test scores earlier in childhood signi cantly improves a child's educational
performance. In contrast, moving to a neighborhood where only the surrounding
neighborhoods have higher test scores, without a corresponding improvement in
the child's immediate neighborhood, does not signi cantly a ect outcomes. This
nding suggests that the bene cial e ects of high-performing neighborhoods are
hyperlocal and directly tied to the child's immediate environment.

1.4.3 Separating School and Neighborhood E ects

When children move to a new neighborhood in the Netherlands, they experience
changes in school quality and non-school neighborhood factors. To understand
the impacts of these changes, | decompose the total e ect of moving into two
components: a school-related e ect, which captures di erences in school quality
across locations, and a non-school-related e ect, re ecting other neighborhood
factors such as income composition, public services, and social networks.

The approach | adopt here closely follows the methodology developed by
Lalibere (2021), who introduced a framework to decompose the e ect of neighborhood
moves into separate school and non-school components. This approach is particularly
well-suited to the Netherlands due to its unique education system and neighborhood
structure. In the Netherlands, students can access schools beyond their immediate
residential neighborhood owing to a relatively liberal school choice policy. As a
result, students from the same neighborhood may attend di erent schools, and
students attending the same school may come from di erent neighborhoods. This
variation provides the necessary identi cation to separate school and non-school
e ects. In many other countries, the primary school children attend is often
tightly linked to their neighborhood (and the quality of a school is tightly linked
to the neighborhood's a uence). In the Netherlands, the decoupling of residential
location and school attendance allows me to separate the contributions of school
quality and neighborhood characteristics to children's educational outcomes.

| estimate the e ects of school and neighborhood quality separately for permanent
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residents|those who remain in the same neighborhood throughout their schooling.
Using a similar speci cation to Lalibere (2021), the model for permanent residents
is given by:

CITOi = iyt i)+ Xi + i (1.4)

whereCIT Oy is the primary school performance at time of child i, who lives
in neighborhoodI(i) and attends schools(i). i) captures the quality of the
schools attended by children who live i, while ) captures the separate e ect
of the neighborhood where children live.X; includes observable characteristics
of children, and ; accounts for unobserved factors. The model is identi ed
because students from the same neighborhood often attend di erent schools, and
students in the same school often come from di erent neighborhoods, allowing me
to separate the e ects of school and neighborhood on student outcomes.

For students who move between neighborhoods, | estimate the total exposure
e ect of moving on their educational outcomes. The total di erence in outcomes
between permanent residents of the origin neighborhoadind destination neighborhood
dis represented as o4 = Yo VY4-

The primary estimating equation for movers is the following:

Yimod = (Mi o)+ Ximod ¥ odt m T imod; (1.5)

In this model, yimog represents the educational outcome of studentwho lived
in neighborhoodo (origin) at baseline and moved to neighborhood (destination)
at agem. The coe cient of interest, , captures the annual rate at which the
outcomes of movers converge to those of permanent residents in their destination
neighborhood. Unlike equation (3), which includes income-speci c e ects, equation
(5) focuses purely on the spatial exposure e ects by incorporating origin-by-
destination xed e ects ( o9) to control for di erences across neighborhoods.
Additionally, unobserved di erences between children who move at di erent ages|
such as disruption costs from the move|are controlled through age-at-move xed
eects ( m). The model fundamentally compares children who began in the
same origin neighborhood and moved to the same destination neighborhood, but
at di erent ages, to isolate the e ect of neighborhood exposure independent of
income-speci c factors.

Following the decomposition approach in Lalibere (2021), the total e ect of
moving is separated into contributions from school quality and non-school factors.
The di erence in outcomes between origin and destination neighborhoodsy can
be written as:

Yod=  od*  Yods (1.6)
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where o4 represents the di erence in the expected quality of the schools children
attend in neighborhoodso and d. This is calculated as a weighted average of
school quality estimated in equation 1.4, with weights corresponding to the share
of permanent residents' children attending di erent schools. This speci cation
implicitly assumes that movers will make similar school choices to those of the
permanent residents, allowing us to estimate the Intention-to-Treat (ITT) e ects.
Meanwhile, y{5 captures the di erence in expected non-school (ns) factors, including
both neighborhood xed e ects and family composition di erences.

Because of the unique structure of the Dutch education system, | can separately
estimate the following two models.

Yimod = s(mi od)+ Ximod ¥ odt m* imod; (1-7)

and

Yimod = ns(M; yQ§)+ Ximod ¥ od* mT imod- (1.8)

The variation in school attendance and neighborhood residency patterns in the
Netherlands enables estimation of these two e ects separately. This exibility is
key to disentangling school quality from broader neighborhood characteristics.

The total exposure e ects can now be written as the sum of two e ects:

CoV (Yimod:  Yod)
var (- Yoa)
coV (Yimod ; M; ygfj) var' (m; ygé + coV (Yimod ; M od) var' (m; od)
r(m. yns T (m. r(m. r(m.
_Var(y, yE) | var(m o) || _var(m, ), var(m e

(1.9)

where coV and var' refer to the covariance and variance obtained using the
residuals of regressions on the controls employed when estimating school and non-
school neigborhood e ects.

The relative contributions of school and non-school factors to the total e ect
of moving can now be obtained following as:

svar'(mi  oq) .
var' (m;  VYoq)

F school —

(1.10)

and

r . ns
Fnon-school — nsVar (ml yod).

var'(m;  Yoq) (1.11)

Table 1.3 presents the results. The upper panel highlights statistically signi cant
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total exposure e ects, ranging from 0.023 to 0.033, which closely mirror the
estimation results derived from the speci cations outlined in Section 3. The
breakdown of these e ects reveals notable disparities in the contributions of school
and non-school factors. In particular, approximately 39% of the total exposure
e ect (0.023) is attributed to school-related factors, indicating a signi cant in uence
of educational institutions on overall test scores. For math performanceg is
estimated at 0.288, and around 65% of the observed changes after relocation can
be ascribed to di erences in the quality of schools attended by children in di erent
neighborhoods. Non-school factors, represented bys, contribute to a lesser
extent account for approximately 35% of the total exposure e ect. A dierent
pattern is observed in Dutch pro ciency. Here, school factors explain roughly 26%
of the total change in Dutch pro ciency across neighborhoods, while non-school
factors contribute to 74% of the total exposure e ect.

These ndings reveal the role of schools in shaping educational outcomes
following moves, particularly in cognitive development. The e ect sizes associated
with school-related factors emphasize the importance of investing in and improving
educational resources and opportunities within neighborhoods, particularly for
subjects such as math.

1.5 Conclusion

This study provides a comprehensive analysis of how neighborhoods a ect educational
opportunities, showing the crucial role of primary school performance in mediating
children's educational attainment. The ndings emphasize the signi cant variation

in educational outcomes across neighborhoods and illustrate that moving to a more
advantageous neighborhood during childhood can substantially improve test scores
and educational attainment.

By examining administrative data from the Netherlands, | obtain several key
insights. First, Every additional year a child spends in a neighborhood with higher
average test scores improves their test score rank by approximately 2.5% per year
of childhood exposure, up to age 12. The longer a child is exposed to a better-
performing neighborhood, the closer their test score converges to those of children
who have always lived in that neighborhood.

Second, the mediation analysis demonstrates that primary school performance
accounts for roughly 40% of the variation in educational attainment across neighborhoods.
The decomposition analysis further supports this, revealing a correlation coe cient
of 0.785 between primary school performance and educational attainment. This
nding emphasizes improving primary school quality to bridge educational disparities.

The analysis at the smallest administrative unit, thebuurt, yields similar
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exposure e ects, indicating that neighborhood impacts are highly localized. Even
moving within a municipality can, therefore, signi cantly a ect educational outcomes.

Decomposing the total exposure e ect on educational attainment into school
and non-school factors reveals that school quality contributes to approximately
39% of the improvement in test scores at the end of primary school. In math, 65%
of the exposure e ect is attributable to school quality, indicating the critical role of
schools in reducing educational inequalities. Non-school neighborhood amenities
account for the remaining 35%.

These ndings imply that improving primary school quality in disadvantaged
neighborhoods can help reduce educational disparities by shaping early cognitive
development and promoting better educational trajectories. When it comes to
non-school neighborhood e ects, it is important to recognize that these are highly
localized. As a result, it is important that policies narrowly target disadvantaged
neighborhoods. More broadly, a better understanding of the impact of neighborhood
exposure and the underlying mechanisms should allow policymakers to target
resources better to reduce educational disparities and promote socioeconomic
mobility across diverse communities.
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1.6 Tables and Figures

Table 1.1: Summary Statistics

Mean Std. Dev. Median Number of Obs.

A. Total

Native Parents 0.803 0.398 1 1,732,497
Maternal Schooling 16.03 3.173 16 1,107,395
Parental Income 49,228 45,570 42,941 1,731,210
CITO Std. Scores 535.4 9.802 537 1,732,497
Child Schooling 17.27 2.104 17 631,896
B. Permanent Residents

Native Parents 0.808 0.394 1 1,334,623
Maternal Schooling 15.90 3.166 16 820,807
Parental Income 48,996 40,823 43,253 1,334,623
CITO Std. Scores 535.3 9.792 537 1,334,623
Child Schooling 17.24 2.078 17 485,443
C. Movers

Native Parents 0.783 0.412 1 397,874
Maternal Schooling 16.41 3.160 17 286,014
Parental Income 50,007 58,754 41,682 397,874
CITO Std. Scores 535.7 9.829 537 397,874
Child Schooling 17.37 2.187 17 146,453

Notes: This table presents summary statistics for the analysis sample used in this study.
The sample is restricted to children born between 1994 and 2007, whose moving histories are
fully observable from age 1 onward, and who have valid CITO test scores from 2006 to 2019.
The sample is divided into three groups: (1) The \Total Sample" includes all children with
complete residential and educational records throughout the observation window, encompassing
both movers and permanent residents. (2) \Permanent Residents" refers to children who
continuously lived in the same neighborhood from age 1 to age 15, providing the baseline for
neighborhood-level predicted outcomes as these children experienced constant exposure to a
single neighborhood throughout their childhood. (3) \Movers" include children who relocated
between neighborhoods at least once before age 15. This group is further analyzed based on
their age at the time of the move, di erentiating between those who moved at or before age 12
and those who moved after age 12. This di erentiation allows for investigating the timing of
neighborhood exposure on educational outcomes. Parental income is measured as the average
disposable income of the household when the child is between 9 and 12 years old, adjusted
for in ation and standardized across years. CITO test scores are standardized nationally and
converted into percentile ranks to facilitate comparison across cohorts. All other variables,
including parental education and child schooling years, are similarly standardized to account for
variations in measurement across di erent data sources and years.
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Table 1.3: School Shares

1) 2) 3)
Dependent Variables CITO Math Dutch
Total Exposure E ects

0.0255*+*  (0.023***  (0.033***
(0.00655) (0.00635) (0.00757)
School and Non-School Components

s 0.0215**  0.0288*** (0.0191*
(0.00965) (0.00885) (0.01101)
ns 0.0263*** 0.013 0.0338***
(0.00826) (0.00792) (0.00852)
School Sharesfc"o°" 39% 65% 26%
Observations 43,640 43,640 43,640

Note: This table presents estimates based on the regression speci cations outlined in section
1.4.3. The upper panel reports total exposure e ects as speci ed in Equation (1.5). The middle
panel provides the estimated coe cients for the school component as speci ed in Equation (1.7)
and for the non-school component as speci ed in Equation (1.8). The bottom panel reports the
school shares as speci ed in Equation (1.10). Results are provided for CITO test scores, math
scores, and Dutch language scores. Standard errors are shown in parentheses. P*< 0.01, **

P < 0:05, *P < 0:1.
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Figure 1.1: Mean Test Scores for Children of Permanent
Residents at the 25th Income Percentile

Note: This plot illustrates children's expected percentile ranks in the national distribution
of test scores, conditional on having parents at the 25th income percentile. Darker-shaded
colors correspond to higher outcomes for children, while gray indicates areas with fewer than 40
children, where data are insu cient to estimate outcomes. The sample includes all children in
the analysis sample who are permanent residents (i.e., those families who do not move across
municipalities before their children turn 16). To create these estimates, | rst regress children's
test score ranks on a constant, and their parents' family income ranks separately for each
municipality. | then calculate the model- tted test score rank for children having parents at
the 25th income percentile in each municipality.
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Figure 1.2: Childhood Exposure E ects on Test Scores at
Age 12

Note: This gure shows the relationship between the coe cients b, and the child's age
at the time of moving (m), based on the semi-parametric model described in Equation 1.2.
The analysis focuses on children's test scores at age 12, using a sample of children who moved
exactly once across municipalities between 1994 and 2007. THw®, coe cients represent the
e ect of moving to a neighborhood where permanent residents score one percentile higher at
a particular age (m). These coe cients are estimated by regressing a child's test score rank
on the predicted di erence between permanent residents' ranks in the origin and destination
neighborhoods, interacted with the child's age at the time of the move. A dashed vertical line
is placed at age 12, which corresponds to the age when most children take the CITO test. The
best- t lines, obtained from unweighted OLS regressions of theh,, coe cients, approximate the
annual e ects of childhood exposure for children who moved before age 12. The best-t line for
children who moved after age 12 tests whether selection e ects vary over time. See details in
section 1.3.
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Figure 1.3: Exposure E ects Estimation Using Within-
Municipality Moves

Note: This gure illustrates the relationship between the coe cients h, and the age at which

a child moves (m), using the semi-parametric model in Equation 1.2. The analysis evaluates
children's test scores at age 12, and the sample includes children in the primary analysis who
moved exactly once across di erentbuurten while staying within the same municipality. The
estimation approach is identical to the analysis of across-municipality moves. For details, see
gure notes in gure 1.2 and in section 1.3.
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Figure 1.4: Spatial Decay

Note: The plot visualizes 11 coe cients of interaction terms between the child's age at
the time of moving and neighborhood outcomes. This analysis is based on a mover design
incorporating the mean observed outcomes of permanent residents from the 10 closdstiurten
to the origin and destination buurt.
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Chapter 1
1.A  Mediation Analysis of School Performance

and Educational Attainment

This appendix provides a deeper exploration of the role of school performance,
measured by CITO test scores, as a mediator in the relationship between neighborhood
guality and long-term educational attainment. Speci cally, | aim to assess whether
improvements in school performance at age 12 can serve as a path by which
neighborhood characteristics, such as total years of schooling, a ect long-term
educational attainment.

1.A.1 E ects on Educational Attainment

A key policy question is whether neighborhoods that enhance school performance
at age 12 also positively in uence long-term outcomes. In other words, does
improving CITO scores translate into higher educational attainment? To investigate
this possibility, | replace the outcome variable in the main analysis with the
educational attainment of movers, measured in years of schooling, and estimate
the following equation:
)4.5
Si: ( mt m*T mpi+bm Odp)+ i (l-A-l)

m=0

where S; represents the educational attainment of movers, measured in years of
schooling; b, measures the e ect of moving to a neighborhood where test scores
are one percentile point higher on total years of schooling; odp captures the
di erence in neighborhood quality (as measured by test scores) between the origin
and destination neighborhoodsp; represents the child's parental income rank; and
other terms such as ,, and , capture age-speci c e ects and additional controls.

The results, illustrated in Figure 1.A.1, show a steady decline ik, estimates
with the age at move (n) for children younger than 12, which provides evidence of
neighborhood exposure e ects on long-term outcomes. The ndings indicate that
moving to a neighborhood with better school performance earlier in childhood
leads to more signi cant gains in educational attainment. The magnitude of this
e ect suggests that a one standard deviation increase in CITO test scores leads
to an approximate gain of 0.025 years of schooling. If a child was born in such a
neighborhood, the cumulative improvement would be around 0.6 years, or roughly
35% of a standard deviation in schooling.
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Figure 1.A.1l: Reduced-Form Eects on Educational
Attainment

Note: This gure shows the relationship between the coe cients h, and the child's age at the
time of moving (m), using the semi-parametric model outlined in Equation 1.A.1. The analysis
evaluates children's educational attainment up to age 24, and the sample consists of children
who moved exactly once between 1994 and 1998. Thw, coe cients represent the e ect of
relocating to a neighborhood where permanent residents achieve CITO test scores that are one
percentile higher at a given age ). These coe cients are derived by regressing a child's years
of schooling §) on odp= Tg, Tgp, Which is the di erence in predicted ranks between
permanent residents of origin and destination neighborhoods, interacted with the child's age at
the time of the move (m). The best-t lines are calculated using unweighted OLS regressions
of the by, coe cients on m. The slopes approximate annual childhood exposure e ects for
children who moved at agesm  12.
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1.A.2 Mediation Analysis

The mediation analysis focuses on breaking down the total e ect of parental
income on long-term educational outcomes into direct and indirect e ects. In this
context, indirect e ects refer to the role of primary school performance (CITO
test scores) as a mediator that links parental income to long-term educational
attainment. In contrast, direct e ectscapture the in uence of parental income on
educational outcomes that bypass school performance, re ecting other pathways
such as family resources, social capital, or access to information.

This section aims to quantify the extent to which primary school performance
can explain the relationship between parental income and children's educational
attainment. This will provide insights into whether school performance serves as
an important mechanism or pathway by which socioeconomic status is transmitted
across generations.

The following system of equations models the relationships between parental
income, school performance, and educational attainment:

1. Reduced-form transmission of parental income to educational attainment
S= ¢t Pt (1.A.2)

In this equation, S; represents the child's long-term educational attainment;
pi is the child's parental income rank; . measures the total e ect of parental

income on children's educational attainment, which includes both direct and
indirect e ects; and ; captures unobserved factors.

2. Transmission of parental income through school performance
Si= ¢+ cTict cpit U (1.A.3)

In this equation, Ti. represents the child's primary school performance (CITO
test scores); . captures the extent to which primary school performance
contributes to the child's long-term educational attainment; . measures
the direct e ect of parental income on educational attainment, independent
of school performance; and) captures unobserved factors specic to the
child.

The key parameter of interest here is ¢, which quanti es the impact of school
performance on long-term outcomes, holding parental income constant. This
allows us to estimate how much parental income's total e ect on educational
attainment operates through school performance.
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By substituting Equation 1.A.3 into Equation 1.A.2, the total e ect of parental
income rank on long-term educational attainment becomes:

S=(ct cd*t( cct JIP+( cit W) (1.A.4)

Thus, the reduced-form transmission of parental income to children's educational
attainment can be expressed as a combination of direct and indirect e ects:

c (1.A.5)

1.A.3 Results

The mediation analysis results suggest that, on average, 40 percent of the variation
in long-term educational attainment across neighborhoods can be attributed to
di erences in primary school performance. This nding indicates that school
performance is a meaningful mediator in the transmission of socioeconomic status
from parents to children.

Figure 1.A.2: Correlation Between Parental Income Rank
and Educational Transmission

Note: This gure illustrates the relationship between coe cients  (parental income rank to
schooling years) and (parental income rank to test scores). Each point represents a
municipality. The tted line and con dence interval show an unweighted regression of on
and the text indicates the correlation coe cient between the two coe cients across
municipalities.

As shown in Figure 1.A.2, there is a strong positive correlation between test
score transmission () and educational attainment transmission (), with a correlation

36



Chapter 1

coe cient of 0.785. This result suggests that improvements in CITO test scores are
strongly linked to gains in long-term educational attainment. The decomposition
analysis further reveals that primary school performance accounts for approximately
40% of the variation in educational attainment across neighborhoods, emphasizing
the critical role of early school performance in shaping long-term outcomes.

These ndings underscore the importance of primary school performance as a
key mechanism through which neighborhoods in uence children's future outcomes.
By improving primary education in disadvantaged neighborhoods, policymakers
can potentially reduce educational disparities and promote upward mobility. Furthermore,
the mediation analysis highlights that while school performance is a critical pathway,
other neighborhood factors also play a role in shaping long-term outcomes, suggesting
the need for a multifaceted approach to improving childhood environments.
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Improving Equality of
Opportunity at School Entry?
Primary Education Enrollment In
the Netherlands

with Antonio Ciccone
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2.1 Introduction

In most countries, the default policy is to enroll children in primary education
by date of birth. However, in the Netherlands, elementary schools are explicitly
discouraged from applying this policy. Instead, the institution supervising schools
recommends that children are enrolled in primary education solely based on their
developmental skills (Huizenga and Damstra, 2016a).

We analyze if and how enrolling children in primary education based on their
skills a ects equality of opportunity in education. Compared to enrollment by
date of birth, enrollment policies based on children's skills can in principle improve
equality of opportunity along two interlinked dimensions. First, enrolling children
by date of birth implies that their skills at the start of primary education end up
re ecting randomness in date of birth. That is, children's skills at school entry
are partially determined by a birth-date lottery. For example, children born a
single day apart may be enrolled one year apart in age-related skills. Enrolling
children based on their skills may reduce the e ect of randomness in date of birth
on skills at school entry and on later education outcomes (e.g. Bedard and Dhuey
(2006)). Second, enrollment in primary education by date of birth fully preserves
di erences in skill endowments at school entry. If enrollment were based on skills,
children with low skill endowments would be allowed more time to develop before
enrolling in primary education. As a result, children with skill endowments at the
bottom of the distribution may achieve better education outcomes.

To understand how enrolling children in primary education based on their
skills a ects equality of opportunity, we develop and estimate a model of primary
education enrollment in the Netherlands and the relationship between skills at the
start of primary education and outcomes in primary and secondary education. We
then compare the Dutch enrollment policy with two alternatives: enrollment based
solely on children's dates of birth and enrollment based solely on children’s skills.
Our counterfactual policy analysis holds average age at enrollment in primary
education constant. The key di erence between the alternative primary education
enrollment policies is who gets more time to develop before enrolling in primary
education.

Our analysis yields two main results. First, compared to enrollment by date of
birth, the policy in the Netherlands improves equality of opportunity in education
by reducing di erences in primary and secondary education outcomes across birthdays
and by improving education outcomes of children with skill endowments at the
bottom of the distribution. Second,
notwithstanding the recommendation of their supervisory institution, schools in
the Netherlands do not enroll children in primary education solely based on their
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developmental skills. We nd that doing so would nearly eliminate di erences
in primary and secondary education outcomes across birthdays and further raise
outcomes of children with low skill endowments.

A directly observable feature of primary education enrollment in the Netherlands
is that, compared to enroliment by date of birth, there are smaller di erences in
average age at the start of primary education across birthdays. For example, the
largest di erence across birthdays in the Netherlands is 6 months, while children
born on dierent days are up to one year apart in age at school entry when
enrollment is by date of birth. As a result, the Dutch enroliment policy implies
smaller di erences in education outcomes across birthdays than enrollment by
date of birth. For example, we nd that the largest di erence across birthdays in
average end-of-primary-school test scores is reduced by more than half; the largest
di erence across birthdays in retention rates in primary education is reduced by
9 percentage points; and the largest di erence across birthdays in the share of
children attending the most academic track in secondary school is reduced by 6
percentage points.

Another feature of primary education enrollment in the Netherlands, again
compared to enrollment by date of birth, is that the smaller di erences in age at
the start of primary education across birthdays are achieved at the cost of larger
di erences in age at the start of primary education among children with the same
birthday. How this a ects di erences in children's skills at the start of primary
education and di erences in later education outcomes depends on which children
get more time to develop before starting their primary education. We nd that in
the Netherlands it is children with low skill endowments who are relatively older
when they start their primary education! As a result, compared to enrollment
by date of birth, children in the Netherlands with low skill endowments achieve
higher test scores at the end of primary education; are less likely to be retained
in primary education; and are more likely to attend the most academic track in
secondary school. Our counterfactual policy analysis also yields that education
outcomes of children with low skill endowments could be further improved by a
policy that admits children to primary education solely based on their skills.

To the best of our knowledge, there is no previous research evaluating alternatives
to the primary education enrollment policy based on date of birth. There is an
extensive literature documenting how enrolling children based on date of birth

1By contrast, in the US it is children with relatively high skill endowments who are relatively
older at the start of primary education, see Bassok and Reardon (2013) for example. This
appears to be an exception. In Appendix 2.B, Figure 1A, we analyze the relationship between
maternal education and age at the start of primary education for a wide range of countries using
data from the Progress in International Reading Literacy Study (Foy, 2013, 2017). In most
countries, children with less educated mothers are relatively older at the start of their primary
education.
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a ects outcomes in primary and secondary education, see Bedard and Dhuey
(2006); McEwan and Shapiro (2008); Mahlenweg and Puhani (2010); Crawford,
Dearden, and Greaves (2013); Schneeweis and Zweimuller (2014); Cascio and
Schanzenbach (2016); Dhuey et al. (2019); Oosterbeek, ter Meulen, and van der
Klaauw (2021). The main results from our perspective are that children who
are younger at the start of primary education are more likely to be retained in

a grade later; do worse on cognitive tests; and are less likely to attend the most
academic track when there is tracking in secondary schdolOur goal is to analyze
how di erent primary education enroliment policies a ect the distribution of these
outcomes across children with di erent birthdays and skill endowments.

Our analysis examines the consequences of primary education enrollment policies
for outcomes in primary and secondary education. Later-life outcomes, like completed
years of education and earnings, are not available as the children in our data
are still too young. To assess the consequences for later-life outcomes, we must
therefore build on the existing literature. Our evaluation of di erent enrollment
policies keeps average age at the start of primary education constant. As a result,
studies that nd the e ect of age at the start of primary education on later
outcomes to be linear|and independent of skill endowments|would imply the
same aggregate outcomes for the di erent enrollment policies we considdn this
case, the increase in equality of opportunity in primary and secondary education
resulting from the primary education enroliment policy based on skills would come
without a cost in terms of aggregate later outcomes.

Compared to enrollment by date of birth, a key feature of the primary education
enrollment policy based on skills is that children with low skill endowments are

2Children who are younger at the start of schooling are also more likely to be diagnosed
with a learning disability; have lower self-assessed ability, self-con dence, and mental health;
participate less in leadership activities in school even when di erences in age and weight are
accounted for; have poorer quality relationships with classmates and teachers; are more likely
to be victimized; and have higher suicide rates; see Dhuey and Lipscomb (2008); Elder and
Lubotsky (2009); Mshlenweg (2010); Crawford, Dearden, and Greaves (2013); Chen, Fortin,
and Phipps (2015); Page, Sarkar, and Silva-Goncalves (2019); Yamaguchi, Ito, and Nakamuro
(2023); Matsubayashi and Ueda (2015) and references therein.

3An interesting question is how enrollment by date of birth and the alternative enroliment
policies we consider compare regarding the non-cognitive outcomes documented in the literature
cited in the previous footnote. As the alternative enrollment policies improve skills at the start of
primary education in the lower tail of the distribution, they should reduce diagnoses of learning
disability. For the other outcomes, a key question|not yet addressed by the literaturelis to
what extent they are driven by physical maturity and to what extent by cognitive maturity (only
the analysis of Dhuey and Lipscomb (2008) can account for physical and cognitive maturity). If
both physical and cognitive maturity play a role, enrollment by date of birth implies that the
youngest children at the start of primary education are subject to two coincident disadvantages
that may aggravate each other. This coincidence would be reduced by an enrollment policy
based on skills.

4For linear estimates of age at the start of primary education on later-life outcomes in
Germany, Japan, Belgium, and Spain, see Dustmann and Schenberg (2016); Kawaguchi (2011);
Oosterbeek, ter Meulen, and van der Klaauw (2021); Valdes and Requena (2024).
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enrolled in primary education somewhat older than children with high skill endowments.
To assess the e ect of this policy feature on later-life education and economic
outcomes, we require estimates of the e ects of age at the start of primary education
that account for individual skill endowments. Fredriksson andOckert (2014)
provide such estimates based on data for around 2 million individuals born in
Sweden between 1935 and 1955. Their analysis distinguishes between individuals
with low parental education (both parents with education levels below a threshold)
and high parental education. For completed years of education, they nd a
positive e ect for both groups and a stronger e ect for low parental education. For
earnings age 25 to 54, Fredriksson arfiickert nd a positive e ect for low parental
education and a negative e ect for high parental education. The reason is that
the positive e ect of more education on earnings outweighs the negative e ect of
less labor-market experience for low parental education, while the opposite is the
case for high parental education. The ndings of Fredriksson an@ckert therefore
imply that the primary education enrollment policy based on skills would raise
aggregate completed years of education and aggregate earnihgs.

2.2 Kindergarten and Primary Education in the
Netherlands: Background and a First Look
at the Data

We start with some background on kindergarten and primary education in the
Netherlands and then take a rst look at the data.

2.2.1 Kindergarten and Primary Education in the Netherlands

Kindergarten education and primary education in the Netherlands are integrated
into the same educational institution, the so-calledbasisschool The premise for

the integrated basisschoglas formulated in the 1981 Basic Education Act, is that
\to promote an uninterrupted development of pupils, it is desirable to combine

5Black, Devereux, and Salvanes (2011) estimate heterogeneous e ects of age at the start of
primary education on completed years of education and on earnings at age 24 and age 35 in
Norway. Their heterogeneity analysis groups individuals based on regressions predicting years
of education (for the e ect on years of education) and earnings at age 35 (when they examine
earnings at age 24 and 35) given three family background characteristics (mother's education,
family size, and birth order). They nd no evidence for statistically signi cant heterogeneous
e ects on education for men, but a statistically signi cant positive e ect of age at the start of
primary education on completed years of education for women in the bottom 75 percent of their
grouping. For earnings age 35, they do not nd any statistically signi cant heterogeneity for
women, but a statistically signi cant negative e ect for men in the bottom 25 percent of their

grouping.
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the separate forms of pre-school and ordinary primary education into a form
of education aimed at a continuous development process.” Children can enter
basisschoglwhich we will refer to as elementary school, the day after they turn 4
years old and must enter by age 5. The education program children go through is
organized in 8 so-calledjroeps In groep 1 and groep 2, children receive a typical
kindergarten education. There is a focus on learning through play, arts and crafts,
social skills, gross and ne motor skills, independence, and getting accustomed
to routines. Usually groep 1 and groep 2 are combined in the same class, called
kleuterklas In groeps3 through 8, which can be thought of as grade levels, children
receive a typical primary education. There is a focus on basic academic skills like
reading, writing, and doing mathematical calculations. After elementary school,
children start their secondary education. Secondary education in the Netherlands
is structured into 3 school tracks: pre-vocational secondary education; senior
general secondary education; and pre-university education (which we will refer
to as the most academic secondary school track).

A key decision made in elementary school is how much time children spend in
kindergarten education before enrolling in primary education. The principle in the
1981 Basic Education Act guiding this decision is that \education is designed to
enable students to engage in an uninterrupted developmental process. It is tailored
to the progress of the pupils’ development.” The institution in charge of ensuring
this principle, the Inspectorate of Education in the Ministry of Education, Culture
and Science, interprets it as the obligation to \make reasoned considerations
about progression to the nextgroep based on the child's development.” The
Inspectorate \advocates that progression tayroep 3 should be based solely on
developmental data" and explicitly discourages progression from kindergarten to
primary education based solely on children's birthdays (Huizenga and Damstra,
2016a)® Elementary schools are allowed to establish their own protocol for the
transition from kindergarten education gQroep1 andgroep?2) to primary education
(groep 3). These so-called transition protocols generally include criteria based on
social-emotional skills, the development of motor skills, task orientation, concentration
span, and reading and math skills (Mulder et al., 2016).

2.2.2 Age at the Start of Primary Education

In Figure 1 we take a rst look at the data. The data refers to all children
born in the Netherlands between 2002 and December 2005 for whom we have
the data required for our empirical analysis. See Appendix 2.A for details on

6Nevertheless, elementary schools are known to still put some weight on children's birthdates
when enrolling children in primary education (Huizenga and Damstra, 2016b).
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the data and descriptive statistics. In Figure 2.1A we look at whether children
leave kindergarten to start their primary education in the calendar year they turn
5, 6, or 7 years old. The share of children starting their primary education at
di erent ages is plotted against children's birthdays® Over 90 percent of children
born in January start their primary education in the calendar year they turn 6;
the remaining children start in the calendar year they turn 5. As we consider
children born later in the year, there is a gradual increase in the share of children
starting in the calendar year they turn 7. On October 1|which used to be the
cuto date for enrollment in primary education before the 1981 Basic Education
Act|there is a discontinuity in the relationship between children's birthdays and
when they start their primary education. The share admitted in the calendar
year they turn 7 jumps up by around 20 percentage points, with a corresponding
drop in the share of children admitted age 6. This is an indication that the
primary education enrollment policy of elementary schools still puts some weight
on children's birthdates. After October 1, the share of children admitted age 7
increases more steeply than before October 1 as we consider children born later
in the year. At the end of the calendar year, there is a second discontinuity in
the relationship between children's birthdays and when they start their primary
education. On December 31, 80 percent of children start their primary education in
the calendar year they turn 7. If date of birth played no role for when children start
their primary education, this should imply that around 80 percent of children born
one day later|the rst day of the next calendar year|should start their primary
education in the calendar year they turn 6. However, the share of children born
on January 1 starting their primary education in the calendar year they turn 6
is around 90 percent. The January 1 discontinuity is also visible in the share of
children born on January 1 starting their primary education in the calendar year
they turn 5. This share is around 10 percent. If date of birth played no role for
when children start their primary education, around 10 percent of children born
on December 31 should start their primary education in the calendar year they
turn 6. However, this share is around 20 percent.

Figure 2.1B illustrates the role of family background for whether children start
their primary education in the calendar year they turn 5, 6, or 7. In particular, we
split children into 2 groups, those with parental income above the median and those
with parental income strictly below the median. Starting from birthdays around
April, the share of children enrolling in primary education at age 6 is always lower
for children with parental income below the median. This means that children

"We have dropped the 0.14 percent of children who started their primary education age 4 or
age 8.
8Children born on the 29th of February 2004 are reassigned to 28th of February 2004.
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with parental income below the median stay in kindergarten education somewhat
longer and start primary education somewhat older than children with parental
income above the median. Results are very similar when we split the sample by
maternal education instead of family incomé.

Figure 2.1C plots the birthdays of children against average age on the day they
start their primary education (we assume that the school year starts on the 1st
of September). Children born on January 1 are on average 6.6 years old when
they start their primary education. As we consider children born later in the
year, the average age at the start of primary education decreases almost linearly
to 6.1 years. There is a discontinuity on October 1, where average age at the
start of primary education jumps from 6.1 to above 6.2 years. After October 1,
average age at the start of primary education increases from around 6.2 years to
around 6.5 years. This is around 0.1 years less than the average age at the start of
primary education of children born on January 1. The October 1 and January 1
discontinuities in the relationship between birthdays and average age at the start
of primary education are therefore of similar size. The maximum di erence across
birthdays in age at the start of primary education, as shown in Figure 2.1C, is
around 0.5 years. For comparison, enrollment policies solely based on children's
date of birth imply a maximum di erence across birthdays in age at the start of
primary education of one year.

2.2.3 Primary and Secondary Education Outcomes

In Figure 2 we examine the relationship between children's outcomes in primary
and secondary education and their birthdays. The three education outcomes
available are grade retention in primary education, test scores at the end of primary
education, and the secondary school education track children end up attending.
The test scores are from national standardized tests. We transform children's
raw test scores into z-scores based on the mean and the standard deviation of all
students taking the test in the same year.

In Figure 2.2A we look at the share of children not retained in any grade
during their primary education. The V-shape we obtain as a result mirrors the
V-shape in average age at the start of primary education in Figure 2.1C. Hence,
across birthdays, children who start their primary education older are more likely
to never be retained during their primary education® In Figure 2.2B we consider
the average z-score of the standardized test at the end of primary education.

9See Appendix 2.B, Figure 1B.

0The two-way relationship between age at the start of primary education and the share of
children never retained across birthdays is close to linear as we show in Appendix 2.B, Figure
2A.
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We again obtain a V-shape that mirrors the V-shape in average age at the start
of primary education in Figure 2.1C. Therefore, across birthdays, children who
start their primary education older do better in the standardized test at the end
of primary education! Finally, in Figure 2.2C we look at the share of children
going on to the most academic secondary school track (the so-called pre-university
track). This yields the same V-shape we have found for never retained in primary
school and test scores at the end of primary scho@l. Hence, all three primary
and secondary education outcomes we observe point in the direction of a positive
relationship between age at the start of primary education across birthdays and
education outcomes.

2.3 The Model

We start with a model of elementary schools in the Netherlands where all children
receiving a kindergarten education (irgroep 1 and groep 2 of elementary school)
are admitted to start their primary education (in groep 3 of elementary school)
in the calendar year they turn 6 or 7 years old. We then extend the model to
account for the around 1 percent of children in our data who start their primary
education in the calendar year they turn 5.

Elementary schools  Children start elementary school when they turn 4 years

old. There, they rstreceive a kindergarten education and then a primary education.
All children in kindergarten education are admitted to start their primary education

in the calendar year they turn 6 or 7 years old. Whether children start age 6 or
age 7|and hence how much time they spend in kindergarten education|depends

on their birthdays and skills as speci ed by the primary education enrollment
policy of elementary schools. Primary education is organized in six grades. After
elementary school, children enroll in di erent secondary school tracks partly depending
on their performance in a standardized test.

Skill accumulation in kindergarten education Children start elementary
school the day they turn 4 years old. We denote their skill endowments at this
point by + ewhere denotes the average skill endowment anelthe deviation
from the average skill endowment. In kindergarten education, children accumulate
skills linearly in time at rate + e. As e =0 for the average child, the average

1The two-way relationship between age at the start of primary education and the standardized
test score is also close to linear as we show in Appendix 2.B, Figure 2B.

2The two-way relationship between age at the start of primary education and the share of
children attending the most academic track is again close to linear, as we show in Appendix 2.B,
Figure 2C.
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child accumulates skills at rate . When 6 0, the rate of skill accumulation
in kindergarten education depends on the child's skill endowment. If childhas
received a kindergarten education folX years, her skills are

SKillEoK (IX:e)= +e+( + e)IX: (2.1)

Enrollment in primary education On the rst day of each school year, all
children in kindergarten education turning 7 in the calendar year are admitted
to primary education. Whether kindergarten children turning 6 in the calendar
year are admitted to primary education depends on their birthdays and skills as
speci ed by the primary education enroliment policy. Children's birthdays may
matter for two di erent reasons. First, because the enrollment policy directly
links enrollment to children's birthdays. Second, because children’'s birthdays are
related to their age, and hence their skills, at the point the enrollment decision is
made.

We denote the birthday of children byx and the rst day of the school year
by f, both measured as a fraction of a calendar year. On the rst day of the
school year, kindergarten children turning 6 in the calendar year are 6f+ X
years old. As they started elementary school at age 4, these children have spent
IK =2+ f x years in kindergarten education and, using (2.1), have skills

skil o™ ;e = +e+( + e)2+f Xx): (2.2)

The primary education enrollment policy of elementary schoolB takes the form
of birthday-speci ¢ minimum-skill threshold. Elementary schools enroll children
in primary education in the calendar year they turn 6 if their skills are above a
birthday-speci ¢ minimum-skill threshold for enrollment minskill 6[x]

skill é’i;_’;t“m't" [x; €] > minskill °[x]: (2.3)

Children's birthdays enter both the left-hand and right-hand side of this inequality.
On the left-hand side because of the link between birthdays and skills at the point
in time when the enroliment decision is made (rst day of the school year); On
the right-hand side because the enrollment policy may specify annual cuto dates.
For example, children born after dayq may never be admitted in the calendar
year they turn 6 (in this case we havaninskill [x] = 1 if x > q). We assume
throughoutthat 1+ (2+f x) > 0, which implies that children are admitted to
primary education age 6 if and only if their skill endowments exceed a threshold
that depends on their birthday.
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Skills at the end of kindergarten education We denote the time a child born
at x with skill endowment e spends in kindergarten education given the primary-
school enrollment policyE by I¥ x;e;E . Using (2.1), children's skills at the end
of kindergarten education can then be written as a function of their birthdays, skill
endowments, and the primary education enrollment policy of elementary schools

SkilEoK x;eE = +e+( + e)I xeE: (2.4)

As children are admitted in the calendar year they turn 6 or 7, time in kindergarten
can be written as

K x;e;E =2+ f x+D’ x;eE (2.5)

whereD’ x;e;E is an indicator variable that takes the value 1 if and only if the
child enrolls in primary education in the calendar year s/he turned 7. As this is
the case if and only if (2.2) holds, we obtain

minskill 6[x] +f x)
1+ 2+f x) '

D’ x;e;E =1 (2.6)
wherel [ ] is an indicator function and the term in square brackets is the condition
for enrollment in the calendar year children turn 7.

Outcomes in primary and secondary education Our goal is to examine
whether the skills that children have at the end of their kindergarten education
a ect outcomes in primary education. We will therefore examine the e ect of
SkillEoK x;e;E in (2.4) on retention in primary education, test scores at the
end of primary education, and the secondary school track that children end up
attending.

Adding primary education enrollment age 5 So far we assumed that children
enroll in primary education in the calendar year they turn 6 or 7. We now extend
the model to account for the (small) share of children in the Netherlands starting
their primary education in the calendar year they turn 5. As a result, instead of
(2.5), we have that the time a child with birthday x and skill endowmente will
spend in kindergarten is

X x;e;E =2+ f x;+D’ x;e;E D®x;eE: (2.7

D’ continues to capture if a child enrolls in primary education in the calendar year
s/he turns 7 (D7 = 1) or not (D’ = 0). D® is new and captures if a child enrolls
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in primary education in the calendar year s/he turns 5D° = 1) or not ( D® = 0).
The skills of children at the end of kindergarten education can then be obtained
by substituting (2.7) in (2.4).

To determine D° x;e;E , we need to detail how elementary schools decide
whether to enroll children in primary education in the calendar year they turn
5. We assume that elementary schools make this decision based on the skills of
these children on the rst day of the school year. These skills can be obtained
analogously to (2.2) as

skil o™ [x;e] = +( + e)L+f Xx)+e (2.8)
where we assume that 1+(1+f x) > 0 andf continues to denote the day the
school year starts. If the skills in (2.8) are above the age-5 admission threshold
minskill °[x] speci ed by the primary education enrollment policyE of elementary
schools, children will be admitted to primary education in the calendar year they
turn 5. Hence

minskill 5[x] L+f x)
1+ A+f x)

D>x;eE =1 e =le °[xE (2.9
wherel [ ] continues to denote the indicator function taking the value 1 if and only
if the condition in square brackets is satis ed and °[x; E] is de ned implicitly by
the second equality.

Children not admitted in the calendar year they turn 5 will be considered for
admission to primary education on dayf of the calendar year in which they turn
6. On that day, children with skills above the age-6-admission threshold that
elementary schools applyminskill 6[x], will be admitted to primary education.
All other children will be admitted to primary education in the calendar year they
turn 7. Hence

minskill ©[x] @2+f x)

D' x;eE =1 e<
X © 1+ 2+f %

=le °x:E (2.10)

where 6[x; E] is de ned implicitly by the second equality.

We assume that °[x;E] < °[x;E]. Hence, children with birthday x enroll
in primary education in the calendar year they turn 5 if their skill endowments
are above °[x;E]; in the calendar year they turn 6 if their skill endowments are
below °[x;E] but above °[x;E]; and in the calendar year they turn 7 if their skill
endowments are below °[x; EJ.
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2.4 Age at Enrollment in Primary Education

We start by estimating the model for age at enrollment in primary education.
Speci cally, we want to understand the determinants of children enrolling in
primary education in the calendar year they turn 5, 6, or 7 years old. To do
so, we need to specify the policy that elementary schools use for enrollment in
primary education and how children's skill endowments depend on their observable
characteristics.

2.4.1 Skill Endowments, Skill Shocks, and Enrollment Policies

Children's skill endowments when they start their kindergarten education at age
4 are + ¢ where is the average skill endowment an@ the deviation of the
skill endowment of childi from the average. Skill endowments re ect the e ect of
family background characteristicsW; and of skill endowment shocks;

eg= W;+ v, (211)

where W ; captures the e ect of family background on skill endowments and is

an independent skill endowment shock that follows a standard logistic distributiot?,
scales the e ect of the standardized skill shock. Family background characteristics

will be measured as deviations from the average across all children.

The primary education enroliment policy of elementary schoolg consists of
the birthday-speci ¢ minimum-skill thresholds minskill 1[x] for j = 5;6 in (2.9)
and (2.10). We use two alternative functional forms fominskill 1[x]. The rst
functional form assumes that elementary schools may use di erent minimum-skill
thresholds for age-5 and age-6 enrollment in primary education depending on
whether children were born before or after October 1. However, children born
before October 1 are subject to the same thresholds for age-5 admission and age-6
admission (independently of their birthdays) and the same holds for children born
after October 1. We chose October 1 as the date where minimum-skill thresholds
may change as this allows us to capture the upward jump in age-7 admission in
the data (see Figures 2.1A and 2.1C). Hence, our rst speci cation for the primary
education enrollment policy is that forj =5;6

minskill '[x] = minskill ' + | [x (] (2.12)

13This will result in an ordered logit model for whether children enroll in primary education
in the calendar year they turn 5, 6, or 7. We also considered a standard normal distribution for
v, which results in an ordered probit model for whether children enroll in primary education in
the calendar year they turn 5, 6, or 7. Overall, we found the ordered logit model to t the data
somewhat better than the ordered probit model.
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whereminskill I are constants,q is set to October 1, and is the di erence in the
minimum-skill thresholds used for children born after and before October 1. The
policy in (2.12) is therefore de ned by 3 parametersminskill ®, minskill &, and
14

We also consider a second speci cation for the primary education enrollment
policy of elementary schools. This speci cation di ers from our rst speci cation
in that the minimum-skill threshold for primary education enrollment may depend
on children's birthdays for children born after October 1. As we will show below,
the data seems to indicate that this is the case. The speci cation we use is that
forj =5;6

minskill '[x] = minskill ' + 1 [x o(1+ (x Q)): (2.13)

For = 0, we are back to the primary education enrollment policy in (2.12).
When 6 0, the minimum-skill threshold for enroliment in primary education
depends on children's birthdays for children born after October 1. A strictly
positive , for example, implies that elementary schools apply a higher minimum-
skill threshold for children born later in the calendar year. The primary education
admission policy in (2.13) is de ned by four parametersminskill °, minskill 6,

, and .® The implications of this primary education enrollment policy for
children's age at enroliment in primary education as a function of their birthdays
and skill endowments are illustrated in Appendix 2.B, Figure 3.

2.4.2 Ordered Logit Model for Age at Enroliment in Primary
Education
We can now obtain the probabilities that children enroll in primary education

in the calendar year they turn 5, 6, or 7. Using (2.9) we get the probability of
admission age 5 as a function of children's birthdays family backgroundW, and

14This speci cation also implies a change in the minimum-skill thresholds on January 1
(necessary to capture the jumps on January 1 in Figures 2.1A and 2.1C). The size of the change
is a function of the policy parameters in (2.12). For example, consider children born on the
31st of December 2002. These children will be enrolled in primary education in the school year
starting in 2008 only if their skills as de ned in (2.8) are above minskill ¢+ . For children born
one day later, on the 1st of January 2003, to be enrolled in primary education in the school year
starting in 2008, their skills have to be aboveminskill °. Hence, the minimum-skill requirement
for enrollment in primary education in 2008 increases on January 1 ifninskill 5 > minskill 6+ .

15Just as in the case of the rst speci cation for the primary education enroliment policy, the
change in the minimum-skill thresholds on January 1 is a function of the policy parameters in
(2.13).
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the primary education enrollment policyE
Prob®’(x;W;E)= E D°® x;;6;E x;W;E =1 F !°[x;W;E] (2.14)

where F[] is the standard logistic cumulative distribution function. The last
equality usese= W + v, that v follows a standard logistic distribution, and the
de nition

ISx;W:E]= °[x;E]= W= (2.15)

where °[x; E] is implicitly de ned in (2.9). Similarly, the probability of admission
age 7is

Prob’(x;W;E)= E D’ xi:e;E x;W;E = F ! °[x; W E] (2.16)
where
I°[x;W;E]= S°[x;E]= W= (2.17)

with  8[x; E] is implicitly de ned in (2.10). The probability of admission age 6

follows from the fact that all children are admitted age 5, 6, or 7. Our assumption
that ©[x;E] < °[x;E] implies that (2.14)-(2.17) constitute a standard ordered
logit regression model (Amemiya, 1985).

2.4.3 Evaluation of the Primary Education Enrollment Model

Figure 3 evaluates the ordered logit model for age at enroliment in primary
education for all possible birthdays. We compare model prediction and data for
the share of children starting primary education at di erent ages. Age 5, 6, 7
denotes children enrolling in primary education in the calendar year they turn 5,
6, or 7 years old respectively.

Figure 2.3A considers the baseline logit model. Elementary schools use the
primary education enroliment policy in (213) with skill accumulation in kindergarten
education depending on children's skill endowments (6 0). The model has a
total of eight parameters® The model ts the data well.l” The only discernible

8There are four parameters de ning the primary education enrollment policy and ve
parameters for children's skills in kindergarten education. The ordered logit model has eight
parameters only as the average skill endowment of children is not identi ed separately from the
minimum-skill parameters in (2.12). For the parameter estimates see the rst column of Table
2.1.

"We obtain the model predictions by drawing a skill endowment shockv from a standard
logistic distribution for every child in our sample, predicting the child's age at enroliment in
primary education using the estimated ordered logit model, and calculating the share of children
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di erence between model prediction and data across the 365 possible birthdays is
that the share of children admitted in the calendar year they turn 6 (turn 5) is
overestimated (underestimated) by around 1 percentage point for children born in
January.

Figures 2.3B and 2.3C evaluates the model when we consider a less general
speci cation. In Figure 2.3B we assume that the rate of skill accumulation in
kindergarten education does not depend on children's skill endowments £ 0).
This does not a ect the t of the model. Figure 2.3C also assumes that the
primary education enrolliment policy applies the same minimum-skill threshold
for all children born after October 1 ( = 0). Now the model ts worse for
children born in fall.

Figure 4 examines how well our baseline logit model explains the data for
exact age at the start of primary education (assuming that the school year starts
on September 1). Figure 2.4A compares predicted average age at the start of
primary education with the data for all possible birthdays® Figure 2.4B relates
the predicted variance of age at the start of primary education among children
born on the same day for every birthday with the variance in the dat&’ Figure
2.4C compares model prediction and data for average age at the start of primary
education separately for children with parental income above and below median
income?° The model ts the data well in all three dimensions.

Figure 2.5A evaluates our baseline ordered logit model using the individual-
level data for all children (326,416 children). We do so using a binscatter plot
with the actual age at the start of primary education of each child on the vertical
axis. On the horizontal axis we have the model predicted age for each child given
the child's family background and birthday?* The binscatter dots are close to
the (red) 45 degree line, which indicates that the model does well in capturing
the variation in age at the start of primary education across children. Figure
2.5B evaluates our baseline logit model using the individual-level data for siblings
(47,993 pairs). The binscatter plot has the actual between-sibling di erence in
the age at the start of primary education on the vertical axi$? On the horizontal

enrolling in the calendar year they turn 5, 6, and 7 years old. We repeat this 50 times and
obtain the model predictions in Figure 3 as the average share across the 50 draws for the skill
endowment shocks.

18Age at the start of primary education is obtained as age on the 1st of September of the
year children enroll in primary education. We obtain the model predictions using the approach
described in footnote 17.

®We obtain the model predictions using the approach described in footnote 17. The model
predicted variance for a given birthday is the average of the variances across the 50 draws for
the skill endowment shocks.

20We obtain very similar results when we split the sample by maternal schooling.

2lWe obtain the model predictions using the approach described in footnote 17. The model
predicted outcome for each child is the average across the 50 draws for skill endowment shocks.

22The di erence is between the younger and the older sibling. We measure the dierence

53



Chapter 2

axis we have the model predicted between-sibling di erenéé. As siblings have
the same family background, the model predictions for siblings di er only because
of di erences in their birthdays. The binscatter dots lie again close to the (red)
45 degree line. Hence, the model also does well in capturing the between-sibling
variation in age at the start of primary education.

In sum, our baseline ordered logit model for children's age when they enroll
in primary education ts the data well. We nd this to be true for the share of
children starting primary education at di erent ages across all possible birthdays;
for the average and the variance of age at the start of primary school across
birthdays; for the dierence in the average age at the start of primary school
across birthdays between families with above and below median income; for the
variation in age at the start of primary school across all children; and also for the
between-sibling variation in age at the start of primary school across all pairs of
siblings.

2.5 Primary and Secondary Education Outcomes

We now turn to outcomes in primary and secondary education. The three outcomes
we observe are: test scores of national standardized tests administered at the end
of primary education; grade retention during primary education; and whether
children end up attending the most academic secondary school track. Our models
for these outcomes build on children's skills at the end of their kindergarten
education as de ned in (2.4).

We start with the model for test scores at the end of primary education
TestEoPE. We assume that these depend on children's skills at the end of
kindergarten educationSkillEoK , family backgroundW, and unobserved shocks

in primary education

TestEOPE x;W;v; ;E = Ag+ BsSKIlEOK x;W;v;E + CsW + (2.18)

where we assume that the primary education shockis independent ofx, W, v
and has mean zero. This model for test scores involves four parametés, B s,
C3, CJ, as we observe two family background variables (maternal education and
family income). The model for retention in primary education builds on the same
basic determinants. Children are assumed to be retained at least once in primary

relative to the sample average. We drop the 1547 families with 3 or more children in our data
set.

23\We obtain the model predictions using the approach described in footnote 17. The model
predicted outcome for each child is the average across the 50 draws for skill endowment shocks.
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education if and only if
A, + B,;SKkillEoK x;W;v;E + C,W + u, RetentionThreshold (2.19)

whereu, is a primary education shock that follows a standard logistic distribution.
This model also involves four parameters:A,  RetentionThreshold B,, C?3,
C) (note that A, cannot be identi ed separately from theRetentionThreshold.
Similarly, we assume that children end up attending the most academic secondary
school track if and only if

A, + BSKillEoK x;W;v;E + C,W + u, AcademicTrackThreshold (2.20)

whereu, is a primary education shock that follows a standard logistic distribution.
This model again involves four parametersA, AcademicTrackThreshold B,
C3, C).

2.5.1 Calibrating the Models for Education Outcomes

The models for the outcomes in primary and secondary education in (2.18)-(2.20)
involve four parameters each. We obtain these parameters using a calibration
method. A key feature of our calibration is that we solely target average education
outcomes related to family income and maternal education. Speci cally, we target
the following four moments: the average education outcome for children with
family income above/below the median and the average education outcome for
children with maternal education above/below the median. We do not target any
moments related to children's birthdays.

The calibration of the models for the education outcomes in (2.18)-(2.20) builds
on the ordered logit model for age at enroliment in primary education we estimated
in Section 2.4. Our estimates of the parameters of the ordered logit model allow us
to predict end-of-kindergarten skills (up to a scale factor) given skill endowment
shocksv. This allows us to simulate average education outcomes of children with
family income above/below the median and children with maternal education
above/below the median using (2.18)-(2.20) and to calibrate the models for the
education outcomes to match the targeted moments.

The starting point of our calibration is the prediction of end-of-kindergarten
skills for given skill shocksv. Substituting children's skill endowments in (2.11)
into the equation for their end-of-kindergarten skills in (2.4) and dividing by
the scale factor vyields our estimate of children's scaled skills at the end of
kindergarten education as a function ofx, W, v, and the primary education
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enrollment policy E

KIllE oK
SI—OX;W;V;E:C—L + 3w +v+ & sbdw +yv K xWVE

(2.21)

where all right-hand-side parameters with hats are estimates obtained using the
ordered logit model for primary education enrollment in Section 2.4. The time in
kindergarten X as a function ofx, W, and v can be obtained based on (2.7) and
our estimates of the ordered logit model

K xW:v:E =2+ f x+B7"xW:v:E B5xW:Vv:E (2.22)

whereB5 and B7 are the ordered logit estimates ob®> and D7 in (2.9) and (2.10).

Equations (2.21) and (2.22) allow us to simulate the distribution of scaled end-
of-kindergarten skills for all children in our sample by combining their characteristics
x and W with draws v from a standard logistic distribution. We now discuss how
the simulated scaled end-of-kindergarten skills are used to calibrate the models
for primary and secondary education outcomes in (2.18)-(2.20).

Test Scores at the End of Primary Education

End-of-primary-education test scores can be expressed as a function of simulated
scaled end-of-kindergarten skills by substituting (2.21) into (2.18)

SRillEoK
TestEOPE x;W;v; ;E = Ag+ BSI— X;W;v;E + CW+ : (2.23)

As we assumed that has mean zero and is independent af W, v, the model

for expected end-of-primary-education test scores givaelkillEoK and W involves
four parameters: As, B s, C3, CY ( and Bs cannot be identi ed separately)?*

We calibrate these four parameters using the average test scores of 4 dierent
groups of children as targets: (i) children with parental income strictly below
the median; (ii) children with parental income above the median; (iii) children
with maternal education strictly below the median; (iv) children with maternal
education above the median. Hence, the moments we target are based on children's
family backgrounds. We do not target any moments related to the test results of
children with di erent birthdays. %°

24Hence, the scale parameter of the distribution of skill shocks cannot be identi ed separately
from Bs.
25The calibrated parameters are reported in Appendix 2.B, Table 1.
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Retention in Primary Education

To calibrate the model for retention in primary education we rst substitute (2.21)

in (2.19). This yields a logit model where the probability of retention in primary
education is a function of scaled end-of-kindergarten skills and family background
characteristics. The model involves four parametersB ., CrS, CY, and A,
RetentionThreshold?® We calibrate these parameters using as targets the share of
retained children in the same 4 groups of children we employed to calibrate the
model for test scores.

Secondary School Track

The calibration of the model for the secondary school track that children attend

is analogous to the calibration of the retention model. We rst substitute (2.21)

in (2.20). This yields a logit model where the probability of attending the most
academic secondary school track is a function of scaled end-of-kindergarten skills
and family background characteristics. The model involves four parameters that
we need to calibrate: B 5, C3, CJY, and A AcademicTrackThresholc?” We
calibrate these parameters using as targets the share of children attending the most
academic secondary school track in the same 4 groups of children we employed to
calibrate the model for test scores.

2.5.2 Evaluating the Model for Education Outcomes

We now evaluate our models for outcomes in primary and secondary education by
comparing model predictions with the data.

Education Outcomes across Birthdays

Figure 2.6A examines how well our model for end-of-primary-education test scores
captures the data across birthday$® It can be seen that the model ts the test
data well. It seems worthwhile noting that we do not use any moments involving
test scores across birthdays for the model calibration. The four moments we use

26The scale parameter of the distribution of skill shocks cannot be identi ed separately from
B,. Also, A, cannot be identi ed separately from the RetentionThreshold

2"The scale parameter of the distribution of skill shocks cannot be identi ed separately from
B,. Also, A; cannot be identi ed separately from the AcademicTrackThreshold

28\We obtain the model predictions by rst drawing a skill endowment shock v from a
standard logistic distribution for every child in our sample and then predicting the child's end-of-
kindergarten skills using (2.21) and our estimates of the ordered logit model for age at enroliment
in primary education. Then we substitute the child's predicted end-of-kindergarten skills into the
calibrated test score model in (2.23) to obtain predicted end-of-primary-education test scores.
We repeat this 50 times and obtain the model predictions in Figure 2.6A as the average across the
50 draws for skill endowment shocks. We implicitly assume that the average primary education
shock experienced by each child is zero (the expected value of).
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are average test scores for groups of children with di erent family background
characteristics (above/below median parental income and maternal education).
The variation across birthdays in Figure 2.6A comes therefore entirely from the
variation in end-of-kindergarten skills implied by our ordered logit model for age
at enrollment in primary education in Section 2.4°

Figure 2.6B examines how well our model captures the share of children never
retained in primary education across birthdays. This model also ts well. Figure
2.6C shows that our model also captures the share of children attending the most
academic secondary school track well. The variation across birthdays in both
gures is again entirely driven by the variation in end-of-kindergarten skills implied
by our ordered logit model for age at enrollment in primary education.

Variance of Education Outcomes among Children with the same Birthday

Figure 7 evaluates our models by examining the variance of outcomes in primary
and secondary education among children born on the same day. We obtain the
model predicted variance by simulating the education outcome for all children
born on a given day and calculating the variance across these children. We then
compare the variance in our model and in the data using two-way scatter plots at
the birthday level. The vertical axis measures the variance in the data and the
horizontal axis the variance in our model. Variances are measured relative to the
average across birthdays.

Figure 2.7A compares the variance of end-of-primary-education test scores
among children with the same birthday in our model and in the datd® For
the variance of test scores in the data to be well captured by our model, the
scatter plot should lie around the (red) 45 degree line. This turns out to be the
case. Figure 2.7B shows the same comparison for whether children have or have
not been retained in primary education. This outcome only takes two values for
each child, 1 if the child is never retained in primary education and O if the child is
retained once or more. The model variance among children with the same birthday
simulates the binary outcome for children born on that day and then calculates

29We obtain the model prediction for each child using an approach that is analogous to the
one used for test scores in footnote 27. The main di erence is that we also need to draw the
primary education shocksu, and u, in (2.19) and (2.20) from a standard logistic distribution
to predict whether the child is subject to grade retention or not and whether the child ends up
attending the most academic secondary school track or not.

30variances are measured relative to the average across birthdays. The model predicted
variance is calculated based on the model predicted end-of-primary-education test scores for
each child obtained as explained in footnote 27 assuming = 0. As we take to be independent
of SkillEoK and W, this implies that we understate the true model predicted variance for every
birthday by the (unknown) constant V ar( ). However, this constant is eliminated by measuring
variances relative to the average across birthdays.
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the variance of the simulated outcome across these childrénThe data variance
is the variance of the actual binary outcome across the same children. The scatter
plot lies around the (red) 45 degree line, which implies that our model variances
capture the variances in the data well. Figure 2.7C compares the model variance
for whether children with the same birthday attend the most academic secondary
school track with the variance in the data. This outcome again takes two values
only, 1 if the child attended the academic track and O if not. Our model does well
in this dimension also.

In sum, the variance of outcomes in primary and secondary education among
children with the same birthday in the data is captured well by our model.

Family Income and Education Outcomes across Birthdays

Figure 8 evaluates our model separately for the group of children with parental
income above the median and the group of children with parental income strictly
below the median. We examine the average of the education outcomes in these
two groups for all possible birthdays. It is worthwhile recalling that our model
calibration actually targets the average education outcomes in these groups. However,
we do not use any moments involving the variation in outcomes across birthdays
for either group. The variation across birthdays in each group is entirely driven

by the variation in end-of-kindergarten skills implied by our ordered logit model

for age at enrollment in primary education. It can be seen in Figure 8 that our
model captures the variation in all three education outcomes well in both groups.

Between-Sibling Di erences in Education Outcomes

Figure 9 evaluates how well our model does in explaining di erences in education
outcomes within families. The data for siblings are the same as in Figure 5
(50,908 pairs of siblings). The three binscatter plots have the actual between-
sibling di erence in education outcomes on the vertical axi& On the horizontal
axis we have the between-sibling di erence of the primary education outcome
predicted by the model. Because siblings have the same family endowment, the
model prediction for siblings only di ers because of di erences in their birthdays.
Figure 2.9A contains the binscatter for the di erence between the end-of-primary-
education test scores of siblings, Figure 2.9B for the between-sibling di erence in
whether they were ever retained, and Figure 2.9C for the between-sibling di erence
in whether they end up attending the most academic track of secondary school.

31The model predicted variances in Figure 2.7B and 2.7C are calculated based on the model
predicted outcomes for all children obtained as explained in footnote 28.

32The di erence is again between the younger and the older sibling. We measure the di erence
relative to the sample average.
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The binscatter dots lie close to the (red) 45 degree line for all three education
outcomes, which indicates that the models do well in explaining the between-
sibling variation in education outcomes in the data.

Education Outcomes and Discontinuous Admission to Primary Education

We also evaluate our model for outcomes in primary and secondary education
using a regression discontinuity design (RDD). We implement the RDD for the two
birthdates where we found discontinuous changes in the minimume-skill thresholds
entering the primary education enrollment policy, October 1 and January 1. For
both birthdates, we rst use a RDD design to estimate the change in end-of-
primary-education test scores, the probability of grade retention during primary
education, and the probability that children end up attending the most academic
track of secondary educatiod® We then compare these estimates with RDD
estimates using simulated data for the three education outcomes based our models
in Sections 2.4 and 2.5% It is worthwhile noting that our model implies that the
RDD e ect is heterogeneous at the individual level. Children with high and low
skill endowments born on October 1 and January 1 are completely una ected by
the discontinuous changes in the minimum-skill thresholds. Moreover, the e ect on
children with intermediate skill endowments is heterogeneous because 06 0.

As a result, the RDD estimates do not have a structural interpretation. The
comparison of the RDD estimates in the actual data and the simulated data is
nevertheless interesting as, if our model for education outcomes captures the data,
this heterogeneity should be the same in the data and the model.

Figure 10 compares the RDD point estimates we get using the actual and the
simulated data for the three primary and secondary education outcomes. For
the RDD estimates using the data, which are on the vertical axis, we plot point
estimates and 90 percent con dence bands.While the RDD estimates using the
actual data are quite noisy, point estimates are close to the RDD estimates using
the simulated data. It seems also noteworthy that the relative size of the RDD
point estimates for grade retention and attendance of the most academic track
di er for the two discontinuities, both using the actual and the simulated data.

33We estimate separate RDD e ects for October 1 and January 1 and pool the data across
birth years, see Appendix 2.B, Table 2 for more information.

34The RDD estimates using the simulated data on education outcomes are obtained as follows.
We rst predict the education outcome for all children using the approach in footnote 27 and
28 and then use the simulated data to obtain the RDD point estimate using the same approach
as for the actual data. We repeat this for 50 draws from the shocks and calculate the average
RDD point estimate across the 50 draws.
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Instrumental Variables Estimation of Test Skill Model

Finally, we can also evaluate our model for end-of-primary-education test scores
in Sections 2.4 and 2.5 against the causal e ect of time in kindergarten education
on test scores obtained using an instrumental-variables approach. Substituting
(2.21) into (2.23) yields that childi's end-of-primary-education test scores can be

written as

TestEOPE = a+ Bl +( Bs+ COWi+ B Wil + B vl + Bovi+ |
(2.24)

IK is the time in kindergarten education.

The e ect of particular interest in (2.24) is B s, the slope coe cient on If.

It captures the e ect of more time in kindergarten education on the test scores
of children with average family background v = 0) and skill endowment shock
(v = 0). This e ect is the product of two parameters entering the model used
in previous sections to predict children's end-of-primary-education test scores.
First, the scaled e ect of more time in kindergarten on end-of-kindergarten skills
( = ) we estimated using the ordered logit model for age at enrollment in primary
education in Section 2.4. Second, the e ect of an increase in scaled end-of-
kindergarten skills on end-of-primary-education test scoresH s) we obtained by
calibrating our model for test scores in Section 2.5. Hence, the product( )( B )

of these two parameters could be checked against causal estimate®Bofbased on
(2.24).

Causal estimation of B s based on (2.24) requires addressing two (standard)
issues. First, the endogeneity df¢, as time in kindergarten education depends on
the child's (unobserved) skill endowment shock. Second, unobserved heterogeneity.
If 6 0, end-of-kindergarten skillsjand hence end-of-primary-education test
scores|depend on an interaction between time in kindergarten and the skill
endowment shock IX).

Both issues can be addressed by building on our ordered logit model for age at
enrollment in primary education in Section 2.4. To see how, we de n@; as the
expected value of; 1€ given the birthday x; and family backgroundWw; of child i,

G = E(viI€jxi; W;). Using this de nition allows us to rewrite (2.24) as

TestEoPE = a+ Bl +(Bs+ CoO)W, + B Wilf + B G+ ; (2.25)

where ;| = B (vl E(vilKjxi;W))+ Bsvi+ ;. Adam's law for conditional
expectations implies thatE(viI¢  E(IXvijx;; Wi)jx;) = 0 which combined with
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the properties of the shocky; and ; yields E( ijxj) = 0 and hence
E JEI"x =0 (2.26)

whereE IX x; is the expected time in kindergarten education given birthday;.

We can now obtain a causal estimate ofB s using a 2SLS approach that
combines (2.25) and (2.26) with our ordered logit model in Section 2.4. The rst
step is to replace the value of5; for each child on the right-hand side of (2.25) by
its estimate using the ordered logit model. Moreover, we also use the ordered logit
model to estimate the expected time in kindergarten for every birthday and then
employ these estimates as an instrument for the actual time children with birthday
X spent in kindergarten. This results in a 2SLS model with a generated regressor
and instrument, which yields consistent 2SLS estimates as long as the generated
regressor and instrument are estimated consistently (Wooldridge, 2032).

The 2SLS estimate ofB s using (2.25) is around @7 with a standard error of
0:0123% The logit model yielded that = , the scaled e ect of time in kindergarten
education on end-of-kindergarten skills, is 4.02. The calibration of the model for
end-of-primary-education test scores yielded thatB s, the e ect of scaled end-
of-kindergarten skills on end-of-primary-education test scores, is 0.074. Hence,
(= )(By)is 0:29, close to our 2SLS estimate oB .

2.6 Counterfactual Analysis of Enrollment Policies

We now analyze two counterfactual primary education enrollment policies and
their e ects on outcomes in primary and secondary education. We compare
these policies with each other and with the primary education enrollment policy
employed in the Netherlands.

The two counterfactual primary education enrollment policies are polar opposites
in the weight put on children's birthdates versus their skills. The rst policy enrolls
children in primary education solely based on their birthdates. Conditional on
children's birthdates, their skills are irrelevant for when they start their primary
education. The second policy enrolls children in primary education solely based
on their skills at the start of the school year. Conditional on children's skills, their
birthdates are irrelevant.

We now describe the two counterfactual enrollment policies in more detail.
Then we compare the primary and secondary education outcomes of the di erent
enrollment policies.

35Consistency of the standard errors requires additional assumptions (Wooldridge, 2002).
36For the full 2SLS results, see Appendix 2.B, Table 3.
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2.6.1 Two Counterfactual Primary Education Enrollment
Policies

The rst counterfactual policy we examine enrolls children in primary education
based solely on their birthdates. The policy sets an annual cuto date; children
born before the cuto date of calendar yearT start their primary education

in calendar year T + 6, while children born after the cuto date start their
primary education in calendar yearT + 7. In our counterfactual analysis, we
choose the annual cuto date so that the average age of children at the start of
primary education is the same as in the data. Put di erently, the cuto date is
chosen such that the average age of children at the start of primary education
under the counterfactual enrollment policy is the same as under the policy in the
Netherlands. What will change compared to the policy in the Netherlands is that
the distribution of age at the start of primary education across child birthdates
more strongly and their skill endowments less strongly.

The second counterfactual policy enrolls children in primary education based
solely on their skills at the start of the school year. Formally, children's age at
primary education enroliment continues to be determined by (2.9) and (2.10). The
key change compared to the policy in the Netherlands is that the counterfactual
policy is based on minimum-skill threshold functionsninskill  [x] for j = 5; 6 that
are independent of children's birthdayx. That is, minskill ' [x] = minskill | for
] =5;6. In our counterfactual analysis, we choose these thresholds such that
average age at the start of primary education is the same as under the policy in
the Netherlands. What will change compared to the policy in the Netherlands is
that the distribution of age at the start of primary education across children will
re ect children's skill endowments more strongly and their birthdates less strongly.

2.6.2 Comparing Outcomes in Primary and Secondary Education

We start by comparing age and skills at the start of primary education under the
di erent primary education enrollment policies. Then we turn to the primary and
secondary education outcomes: retention in primary education, test scores at the
end of primary education, and the secondary school track that children end up
attending.

Age and Skills at the Start of Primary Education

Figure 2.11A summarizes our results for average age at the start of primary
education across birthdays for the three di erent enrollment policies. The lines
in this gure, and all subsequent gures, are unweighted lowess curves t through
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the simulated data points for 365 birthdays’ The annual cuto date of the
counterfactual policy where primary education enroliment is based solely on children’s
birthdates is October 28. This cuto date implies that children's average age at
the start of primary education is the same as under the policy in the Netherlands.

Figure 2.11A shows that the enrollment policy in the Netherlands implies
a maximum di erence across birthdays in average age at the start of primary
education of 0.5 years. The counterfactual policy where enrollment is based solely
on children's birthdates leads to dierences of up to one year. The policy in
the Netherlands leads to substantially smaller di erences across birthdays mainly
because children with high skill endowments born after October 28|who would
have been the oldest in their class at the start of primary education under the
counterfactual policy|start their primary education earlier than under the counterfactual
policy based solely on birthdates. This frees up resources in kindergarten education,
which are then mostly used for children born around the middle of the year who
have low skill endowments.

The reallocation of time in kindergarten from high-skill children born after
October 28 to low-skill children born earlier is strongest under the counterfactual
policy where children are enrolled based solely on their skills at the start of the
school year. It is therefore expected that, as shown in Figure 2.11A, di erences
in average age at the start of primary education across birthdays are smallest
under this enrollment policy. As a matter of fact, the policy nearly eliminates any
di erences in average age at the start of primary education across birthdays.

Figure 2.11B shows the implications of the dierent enrollment policies for
the standard deviation of age at the start of primary education among children
born on the same day. The standard deviation is zero for all birthdays under the
policy where primary education enroliment is based solely on birthdates. This is an
immediate implication of this policy enrolling children born on the same day in the
same school year. The standard deviation is largest, for every birthday, under the
policy where enrollment in primary education is solely based on skills. The policy
in the Netherlands implies a standard deviation between the two counterfactual
enrollment policies.

Comparing Figure 2.11B with Figure 2.11A suggests a basic policy trade-o .
While the policy enrolling children based solely on their skills leads to the smallest
di erences in average age at the start of primary education across birthdays, it

37We use the default bandwidth. The underlying data consists of the model predictions for
every birthday. The result for the enrollment policy used in the Netherlands is obtained by
tting separate lines before and after October 1. The line for the enrollment policy based solely
on children's birthdates is obtained by tting separate lines before and after October 28 (October
28 is the counterfactual annual cuto date implying the same average age at the start of primary
education as the enrollment policy used in the Netherlands).
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leads to the largest di erences in age at the start of primary education among
children with the same birthday.

However, the comparison between the di erent enrollment policies will look
very di erent when we examine children's skills, not their age, at the start of
primary education. This is because of how the policy in the Netherlands, and
the counterfactual policy enrolling children based solely on their skills, distribute
time in kindergarten education across children with di erent skill endowments.
Figure 2.11C summarizes this aspect of the dierent enrollment policies using
the simulated covariance between children's implied ages at the start of primary
education and their scaled skill endowments, which| using (2.11)|are obtained
as (= )W + v with the estimate of = taken from our ordered logit model in
Section 2.4. Under the policy where enroliment is solely based on birthdates,
this covariance is zero for all birthdays, as children's skills are irrelevant for
when they start their primary education. Under the policy where enrollment is
solely based on skills, the covariance is negative and varies little across birthdays.
The primary education enrollment policy in the Netherlands implies a covariance
between the two counterfactual policies. This is because, compared to the policy
where enrollment is solely based on birthdates, the policy in the Netherlands
reallocates time in kindergarten from children with high skill endowments who
would have been the oldest in their class at the start of primary education to
children with low skill endowments born earlier. This reallocation of time in
kindergarten across children with di erent skill endowments is even stronger under
the counterfactual policy where enroliment is solely based on skills at the start of
the next school year.

Figure 12 shows the implications of the di erent primary education enroliment
policies for scaled skills at the start of primary education or, equivalently, scaled
skills at the end of kindergarten education. Figure 2.12A shows average skills at
the start of primary education across birthdays. The main nding is very similar
to Figure 2.11A. Di erences are largest for the policy where enrollment is solely
based on birthdates, followed by the policy in the Netherlands. Under the policy
where enrollment is solely based on skills, there are basically no di erences in
average skills at the start of primary education across birthdays. Figure 2.12B
shows the standard deviation of skills at the start of primary education among
children born on the same day. Here the main nding is the opposite of what we
obtained in Figure 2.11A. Now it is the policy where enrollment is solely based on
skills that implies the smalleststandard deviation in skills at the start of primary
education among children born on the same day. This nding is driven by the
way the enrollment policy based solely on skills allocates time in kindergarten
education across children with di erent skill endowments, which we illustrated in
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Figure 2.11C.

Primary and Secondary Education Outcomes Across Birthdays

Figure 13 shows average outcomes in primary education and in secondary education
across birthdays for the three di erent primary education enrollment policies. We
start with the comparison between the primary education enroliment policy in
the Netherlands and the counterfactual policy based solely on birthdates. For
children born in the rst half of the year, the two policies lead to similar outcomes
in primary and secondary education. This is true for average z-score of the
standardized tests at the end of primary education (Figure 2.13A); for the share
of children never retained in primary education (Figure 2.13B); and for the share
of children attending the most academic secondary school track (Figure 2.13C).

For children born in the second part of the year, the enrollment policy in the
Netherlands leads to substantially smaller di erences in primary and secondary
education outcomes across birthdays than the counterfactual policy based solely
on birthdates. The policy in the Netherlands implies a maximum dierence
for the three education outcomes that is around half the di erence under the
counterfactual policy. For test scores at the end of primary education, the policy
in the Netherlands leads to a maximum di erence in average z-scores of the
standardized test at the end of primary education of 0.125, compared to 0.25
under the policy based solely on birthdates (Figure 2.13A). For the share of
children never retained in primary education, the policy in the Netherlands leads
to a maximum di erence of 6 percentage points across birthdays, compared to
15 percentage points under the counterfactual policy (Figure 2.13B). Finally, for
the share of children attending the most academic secondary school, the policy
in the Netherlands leads to a maximum di erence of 6 percentage points across
birthdays, compared to a di erence 12 percentage points under the policy based
solely on birthdates (Figure 2.13C).

Figure 13 also shows that di erences in primary and secondary education
outcomes across birthdays in the Netherlands could be reduced further by a
primary education enroliment policy that puts more weight on children's skills. As
a matter of fact, the counterfactual policy where enrollment in primary education is
solely based on children's skills basically eliminated| di erences across birthdays
in standardized test scores at the end of primary education (Figure 2.13A); in the
share of children never retained in primary education (Figure 2.13B); and in the
share of children attending the most academic secondary school (Figure 2.13C).
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Education Outcomes of Children with Low Skill Endowments

We now turn to outcomes in primary and secondary education of children with
low skill endowments because of their family background. Figure 14 examines
average education outcomes of children with skill endowments below the 10th
percentile and the average skill endowment shock (the e ect of skill endowment
shocks will be examined in the next sectio We start with the comparison
between the primary education enrollment policy in the Netherlands and the
counterfactual policy based solely on birthdates. The dierences for all three
education outcomes are limited to the 4-week window between October 1 and
28. For all other birthdays, the two enrollment policies yield the same average
outcomes.

The reason is straightforward. When compared to the counterfactual policy
where enrollment is based solely on birthdates, the policy in the Netherlands
reallocates time in kindergarten to children with low skill endowments. However,
this reallocation e ect is generally limited to children with very low skill endowments
because of the joint e ect of family backgroundnd adverse skill endowment shock.
The exceptions are children born during the 4-week period from October 1 to
October 28. Under the counterfactual policy, all these children start their primary
education in the calendar year they turn 6 years old. By contrast, the policy in
the Netherlands has around 40 percent of the children born during this 4-week
period start their primary education in the calendar year they turn 7. As these
children are those with the lowest skills, the enrollment policy in the Netherlands
raises the average educational outcomes of children with low skill endowments
compared to the policy based solely on birthdates. The policy in the Netherlands
can assign more time in kindergarten education to children born in this 4-week
window between October 1 and October 28, although time in kindergarten per
child is the same as under the counterfactual policy, mainly because it assigns less
time in kindergarten to children born after October 28 with high skill endowments.

While the di erence between the enrollment policy in the Netherlands and the
counterfactual policy based solely on birthdates is limited to birthdays between
October 1 and October 28, the e ect on children with skill endowments below
the 10th percentile born during this 4-week period is substantial. Under the
policy in the Netherlands, their average z-score in the end-of-primary-education
standardized test improves by around 0.25; they are around 25 percentage points
more likely to get through primary education without being retained; and they
are around 4 percentage points more likely to end up attending the most academic
secondary school track.

38Children's skill endowments associated with family background are estimated as £ )W
using the estimate of = in our ordered logit model in Section 2.4.
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Figure 14 also shows that the outcomes in primary and secondary education of
children with low skill endowments in the Netherlands could be improved further.
The counterfactual policy where enrollment in primary education is based solely
on children's skills would substantially raise education outcomes of children with
low skill endowments born in July, August, and September. Their average z-
score in the end-of-primary-education test could be increased by up to almost 0.3
(Figure 2.14A); the share of these children never retained in primary education
could be raised by up to 28 percentage points (Figure 2.14B); and the share of
these children attending the most academic secondary school could be increased
by up to more than 4 percentage points (Figure 2.14C).

Education Outcomes of Children with Low Skill Endowment Shocks

Figure 15 examines average outcomes in primary and secondary education of
children with the average family background and skill endowment shocks below
the 25th percentile. It can be seen that compared to the counterfactual policy
based solely on birthdates, the policy in the Netherlands raises education outcomes
substantially for children born between October 1 and 28. Their average z-score in
the end-of-primary-education test is increased by up to almost 0.3 (Figure 2.15A);
the share of children never retained is raised by up to 27 percentage points (Figure
2.15B); and the share of children attending the most academic secondary school
is increased by up to almost 11 percentage points (Figure 2.15C). The reason is
that the policy in the Netherlands enrolls children with low skills born during
this 4-week period in primary education in the calendar year they turn 7, while
the counterfactual policy enrolls these children in the calendar year they turn 6.
Moreover, the policy in the Netherlands also leads to substantial improvements
in education outcomes for children born before October 1. The reason is that
children with skill endowment shocks below the 25th percentile tend to be a large
share of the children with low skills at the time the enrollment decision is made.
As a result, these children are a large fraction of the children the policy in the
Netherlands enrolls in primary education in the calendar year they turn 7 years
old.

Figure 15 also shows that there is potential for further improvement in the
education outcomes of children with skill endowment shocks below the 25th percentile.
For children born before October 1, the primary education enrollment policy in the
Netherlands yields substantially worse education outcomes than the counterfactual
policy where enrollment is solely based on skills. Children in the Netherlands with
endowment shocks below the 25th percentile achieve an average z-score in the end-
of-primary-education test that is up to around 0.2 worse than if enrollment were
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solely based on skills (Figure 2.15A); the share of these children never retained
is more than 10 percentage points higher than if enroliment were solely based
on skills (Figure 2.15B); and the share of children attending the most academic
secondary school is up to 7 percentage points lower than if enroliment were solely
based on skills (Figure 2.15C).

2.7 Summary

In most countries, the default policy is to enroll children in primary education by
date of birth. However, in the Netherlands, schools are asked by their supervisory
institution to enroll children solely based on developmental skills. We analyze
if and how enrolling children in primary education based on their skills a ects
equality of opportunity in education. Compared to enrollment by date of birth,
enrollment policies based on children's skills have the potential to improve equality
of opportunity along two interlinked dimensions. Enrolling children solely by date
of birth implies that their skills at the start of primary education end up re ecting
randomness in date of birth. Moreover, enrolling children by date of birth also
preserves all di erences in skill endowments at school entry. An enrollment policy
based on children's skills may reduce the e ect of randomness in children's dates
of birth on education outcomes and raise education outcomes of children with skill
endowments at the bottom of the distribution.

Our analysis yields two main results. First, compared to enrollment by date of
birth, the policy in the Netherlands improves equality of opportunity in education
by reducing di erences in primary and secondary education outcomes across birthdays
and by improving education outcomes of children with skill endowments at the
bottom of the distribution. Second, despite the recommendation of their supervisory
institution, schools in the Netherlands do not enroll children in primary education
solely based on their developmental skills. We nd that doing so would nearly
eliminate di erences in primary and secondary education outcomes across birthdays
and further raise outcomes of children with low skill endowments.
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2.8 Tables and Figures

Table 2.1: Ordered Logit Model for Age at Enrollment in
Primary Education

Minimume-skill threshold Step-function with slope Step-function
Heterogenous learning? Yes(60) No( =0) No( =0)
= 4.064*** 4 .47 4%** 5.162***

(0.079) (0.045) (0.043)
= 0.828**  0.918%* 1.163%
(0.023) (0.0189) (0.0174)
= 3.726%%  3.933%
(0.109) (0.112)
-0.042%**
(0.007)
= 0.081%*  0.081%* 0.081*
(0.002) (0.002) (0.002)
= 0.338%*  0.337% 0.330%
(0.009) (0.01) (0.009)
cuto A 2.649%%+ 2 774 2.620%
(0.027) (0.020) (0.184)
cuto B “4.498%% 4947+ 5 326w
(0.078) (0.026) (0.026)

Notes: This table reports estimates of the ordered logit model for age at enrollment in primary
education in 2.4. The sample includes all children born in the Netherlands between 2002 and
2005 for whom we have the relevant data. See Appendix 2.A for details on the data and summary

statistics.
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FIGURE 2.1A: Age at Enroliment in Primary Education

Notes: Share of children enrolling in primary education in the calendar year they turn 5, 6, or 7 years old by
children's birthday. Enrollment shares sum to one. See Appendix 2.A for information on the data and summary
statistics.

FIGURE 2.1B: Parental Income and Primary Education Enrolliment
Age 7

Notes: Share of children enrolling in the calendar year they turn 7 years old by children's birthday, separately
for children with parental income above and below the median. See Appendix 2.A for information on the data
and summary statistics.

FIGURE 2.1C: Age at the Start of Primary Education

Notes: Age at the start of primary education measured as children's ages on September 1 of the year they enroll
in primary education. See Appendix 2.A for information on the data and summary statistics.
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FIGURE 2.2A: Non-Retention in Primary Education

Notes: Share of children not retained in any grade in primary education by children's birthday. Primary education
consists of six grades. See Appendix 2.A for information on the data and summary statistics.

FIGURE 2.2B: End-of-Primary-Education Test Score

Notes: Z-score of the standardized test score at the end of primary education by children's birthday. See Appendix
2.A for information on the data and summary statistics.

FIGURE 2.2C: Share Attending Academic Secondary School

Notes: Share of children who end up attending the most academic secondary school track by children’ birthday.
We consider children to have enrolled in the academic secondary school track if they are enrolled in an academic
secondary school in the second grade of secondary school.
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FIGURE 2.3A: Predicted and Actual Age at Enrollment in Primary
Education

Notes: Actual and predicted primary education enroliment shares at ages 5 and 6. The enroliment share age 7
is one minus the enroliment shares at ages 5 and 6. Model predicted shares are obtained using the ordered logit
model in Section 2.4. We rst simulate age at enrollment in primary education for all children given a simulated
skill shock for each child, then obtain the enroliment shares at ages 5 and 6, and nally average enrollment shares
across 50 skill shocks. See Section 4.3 for further information.

FIGURE 2.3B: Age at Primary Education Enroliment with
Homogeneous Learning in Kindergarten

Notes: Actual and predicted primary education enrollment shares at ages 5 and 6. Model predicted shares are
obtained using the ordered logit model in Section 2.4 assuming that learning in kindergarten does not depend

on skill endowments (= 0). See the notes of Figure 2.3A for an explanation of how model predicted shares are
obtained.

FIGURE 2.3C: Primary Education Enrollment with Identical Skill
Threshold for October-December Birthdays

Notes: Actual and predicted primary education enrollment shares at ages 5 and 6. Model predicted shares are
obtained using the ordered logit model in Section 2.4 assuming that the same minimum-skill threshold is applied
to children born October-December (= 0). See the notes Figure 2.3A for an explanation of how model predicted
shares are obtained.
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FIGURE 2.4A: Predicted and Actual Age at the Start of Primary
Education

Notes: Comparison of actual age and predicted age at the start of primary education by children's birthdays. Age
at the start of primary education is measured as children's age on September 1 of the year they enroll in primary
education. Model predicted age is obtained by using the ordered logit model in Section 2.4 to rst obtain the
age at the start of primary education of all children given a simulated skill shock for each child and then average
across 50 skill shocks. See Section 4.3 for further information.

FIGURE 2.4B: Predicted and Actual Variance of Age at Start of
Primary Education Among Children Born on the Same Day

Notes: Actual and predicted variance of age at the start of primary education among children with the same
birthday. The model predicted variance is obtained by using the ordered logit model in Section 2.4. We rst
obtain age at the start of primary education for all children given a simulated skill shock for each child, then
obtain the variance among children with the same birthday, and nally average the variance across 50 skill shocks.
See Section 4.3 for further information.

FIGURE 2.4C: Predicted and Actual Age at Start of Primary
Education and Income

Notes: Actual and predicted age at the start of primary education, separately for children with parental income
above and below the median.
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FIGURE 2.5A: children's Predicted and Actual Age at the Start of
Primary Education

Notes: Binscatter plot of the actual age of each child at the start of primary education against the expected age
of the child predicted by the ordered logit model in Section 2.4. Model predicted expected age is obtained by
calculating the predicted age at the start of primary education of each child for 50 simulated skill shocks and
averaging across skill shocks. See Section 4.3 for further information. There are 333,465 children in the sample.

Number of bins chosen optimally.

FIGURE 2.5B: Actual and Predicted Between-Sibling Di erence in
Age at the Start of Primary Education

Notes: Binscatter plot of between-sibling di erence in actual age at the start of primary education against the
expected between-sibling age di erence predicted by the ordered logit model in Section 2.4. See the notes to
Figure 2.5A for an explanation of how model predicted expected age is obtained. The sample consists of 50,908
families with two children. The between-sibling age di erence is measured as the di erence between the older
and the younger sibling relative to the average di erence across all families. Number of bins chosen optimally.
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FIGURE 2.6A: Predicted and Actual End-of-Primary-Education Test
Score

Notes: Predicted test scores are obtained by combining the models in Sections 2.4 and 2.5 to obtain the predicted
test scores for all children given a simulated skill shock for each child and then average across 50 skill shocks. See

Section 5.2.1 for further information.

FIGURE 2.6B: Predicted and Actual Non-Retention in Primary
Education

Notes: Predicted shares are obtained by combining the models in Sections 2.4 and 2.5. We rst obtain the
predicted non-retention indicator variable for all children given a simulated skill endowment shock and primary
education shock for each child and then average across 50 skill shocks. See Section 2.5 for further information on
the primary education shock.

FIGURE 2.6C: Predicted and Actual Attendance of Academic
Secondary School

Notes: Predicted shares are obtained by combining the models in Sections 2.4 and 2.5. We rst obtain
the predicted most-academic-secondary-school-track indicator variable for all children given a simulated skill
endowment shock and primary education shock for each child and then average across 50 skill shocks. See
Section 2.5 for further information on the primary education shock.
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FIGURE 2.7A: Predicted and Actual Variance in
End-of-Primary-Education Test Scores Among Children Born on the Same
Day

Notes: Scatter plot at the birthday level. The model predicted variance is obtained combining the models in
Sections 2.4 and 2.5. We rst obtain the predicted test scores for all children given a simulated skill shock for
each child, then calculate the variance among children with the same birthday, and nally average across 50 skill
shocks. Variances are measured relative to the average across all birthdays.

FIGURE 2.7B: Predicted and Actual Variance in Non-Retention
Among Children Born on the Same Day

Notes: Scatter plot at the birthday level.  Non-retention is an indicator variable taking the value of 1 if and only
if the child has not been retained in primary education. The predicted variance of the non-retention indicator
is obtained combining the models in Sections 2.4 and 2.5. We rst obtain the predicted non-retention indicator
variable for all children given a simulated skill endowment shock and primary education shock, then calculate
the variance among children with the same birthday, and nally average across 50 skill shocks. See Section 2.5
for further information on the primary education shock. Variances are measured relative to the average across

all birthdays.

FIGURE 2.7C: Predicted and Actual Variance in
Academic-Secondary-School Attendance Among Children Born on the
Same Day

Notes: Scatter plot at the birthday level.  Academic-secondary-school attendance is an indicator variable taking
the value of 1 if and only if the child ended up attending the most academic secondary school. The predicted
variance is obtained analogously to the variance of the non-retention indicator variable. See the notes to Figure

2.7B.
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FIGURE 2.8A: Predicted and Actual Test Scores and Income

Notes: Predicted and actual end-of-primary-education test scores by birthday, separately for families with income
above and below the median. Predictions are obtained combining the models in Sections 2.4 and 2.5. See the
notes to Figure 2.6A for more information.

FIGURE 2.8B: Predicted and Actual Non-Retention in Primary
Education and Income

Notes: Predicted and actual shares of children never retained in primary education by birthday, separately for
families with income above and below the median. Predictions are obtained combining the models in Sections
2.4 and 2.5. See the notes to Figure 2.6B for more information.

FIGURE 2.8C: Predicted and Actual Enrollment in Academic
Secondary School and Income

Notes: Predicted and actual shares of children enrolled in the most academic secondary school track by birthday,
separately for families with income above and below the median. Predictions are obtained combining the models
in Sections 2.4 and 2.5. See the notes to Figure 2.6C for more information.
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FIGURE 2.9A: Actual and Predicted Between-Sibling Di erence in
Test Scores

Notes: Binscatter plot of between-sibling di erence in the actual end-of-primary-education test scores against the
expected between-sibling di erence as predicted by the models in Sections 2.4 and 2.5. See the notes to Figure
2.7A for an explanation of how we obtain the model predicted expected outcome for each child and the notes to
Figure 2.5B for details on the sample. Number of bins chosen optimally.

FIGURE 2.9B: Actual and Predicted Between-Sibling Di erence in
Non-Retention

Notes: Binscatter plot of between-sibling di erence in the actual non-retention indicator variable against the
expected between-sibling di erence as predicted by the models in Sections 2.4 and 2.5. See the notes to Figure
2.7B for the de nition of the non-retention indicator variable and an explanation of how we obtain the model
predicted expected outcome for each child. Details on the sample are in the notes to Figure 2.5B. Number of
bins chosen optimally.

FIGURE 2.9C: Actual and Predicted Between-Sibling Di erence in
Enrollment in Academic Secondary School

Notes: Binscatter plot of the between-sibling dierence in the actual academic-secondary-school attendance
indicator against the expected between-sibling di erence predicted by the models in Sections 2.4 and 2.5. See
the notes to Figure 2.7C for the de nition of the academic-secondary-school attendance indicator variable, the
notes to Figure 2.7B for an explanation of how we obtain the model predicted expected outcome for each child,
and the notes to Figure 2.5B for details on the sample. Number of bins chosen optimally.

79



Chapter 2

FIGURE 2.10A: Regression Discontinuities on October 1 in Data
Versus Model

Notes: The estimates are obtained using a regression discontinuity design (RDD). The RDD estimates capture
the e ect of the discontinuities in the primary school enroliment policy on October 1 and January 1 on the three
education outcomes. The outcomes are end-of-primary-education test scores; non-retention in primary education;
and attendance of the most academic secondary school track. Estimates on the vertical axis are based on the
actual data. Estimates on the horizontal axis are based on simulated data using the models in Sections 2.4 and
2.5. See Section 5.2.5 for more information.

FIGURE 2.10B: Regression Discontinuities on January 1 in Data
Versus Model

Notes: The RDD estimates capture the e ect on outcomes of being born on January 1 compared to being born
on December 31 of the previous year. The outcomes are end-of-primary-education test scores; non-retention in
primary education; and enrollment in the most academic secondary school track. Estimates on the horizontal
axis are based on simulated data using the model in Sections 2.4 and 2.5. Estimates on the vertical axis are based
on the actual data.
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FIGURE 2.11A: Primary Education Enroliment Policies and Age at
the Start of Primary Education

Notes: Average age at the start of primary education by birthday. Age at the start of primary education is
measured as children's ages on September 1 of the year they start in primary education. The simulations for
di erent primary education enroliment policies are based on the model in Sections 2.4 and 2.5. The lines are
unweighted lowess curves t through simulated data for 365 birthdays, see footnote 36 for more information.

FIGURE 2.11B: standard Deviation in Age at the Start of Primary
Education Among Children Born on the Same Day

Notes: Standard deviation of the age at the start of of primary education among children born on the same day.
The simulations for di erent primary education enrollment policies are based on the model in Sections 2.4 and
2.5. The lines are unweighted lowess curves t through simulated data for 365 birthdays, see footnote 36 for more

information.

FIGURE 2.11C: Correlation Between Age at the Start of Primary
Education and Skill Endowments

Notes: Correlation between age at the start of primary education and skill endowments among children born
on the same day. The simulations for di erent primary education enrollment policies are based on the model in
Sections 2.4 and 2.5. The lines are unweighted lowess curves t through simulated data for 365 birthdays, see
footnote 36 for more information.
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FIGURE 2.12A: Primary Education Enroliment Policies and Skills at
the Start of Primary Education

Notes: Average skills at the start of primary education|or, equivalently, at the end of kindergarten education|by
birthday. The simulations for di erent primary education enrollment policies are based on the model in Sections
2.4 and 2.5. The lines are unweighted lowess curves t through simulated data for 365 birthdays, see footnote 36

for more information.

FIGURE 2.12B: standard Deviation in Skills at the Start of Primary
Education Among Children Born on the Same Day

Notes: Standard deviation of skills at the start of of primary education|or, equivalently, at the end of
kindergarten education|among children born on the same day. The simulations for di erent primary education
enroliment policies are based on the model in Sections 2.4 and 2.5. The lines are unweighted lowess curves t

through simulated data for 365 birthdays, see footnote 36 for more information.
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FIGURE 2.13A: Primary Education Enroliment Policies and
End-of-Primary-Education Test Scores

Notes: Average standardized test z-scores at the end of primary education by birthday. The simulations for
di erent primary education enroliment policies are based on the model in Sections 2.4 and 2.5. The lines are
unweighted lowess curves t through simulated data for 365 birthdays, see footnote 36 for more information.

FIGURE 2.13B:  Primary Education Enroliment Policies and
Non-Retention in Primary Education

Notes: Share of children never retained in primary education by birthday under di erent enroliment policies. The
simulations are based on the model in Sections 2.4 and 2.5.

FIGURE 2.13C: Primary Education Enroliment Policies and
Secondary School

Notes: Share of children going to the most academic secondary school track by birthday under di erent primary
education enrollment policies. The simulations are based on the model in Sections 2.4 and 2.5. The lines are
unweighted lowess curves t through simulated data for 365 birthdays, see footnote 36 for more information.
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FIGURE 2.14A: End-of-Primary-Education Test Scores Among
Children with Low Skill Endowments

Notes: Comparison of the primary education enrollment policy in the Netherlands with the policy based solely

on birthdates and the policy based solely on skills. The outcome is the average z-score of the standardized test
at the end of primary education of children with skill endowments below the 10th percentile and the average skill
shock. The simulations are based on the model in Sections 2.4 and 2.5. The lines are unweighted lowess curves
t through simulated data for 365 birthdays, see footnote 36 for more information.

FIGURE 2.14B: Non-Retention in Primary Education Among
Children with Low Skill Endowments

Notes: Comparison of the primary education enroliment policy in the Netherlands with the policy based solely on
birthdates and the policy based solely on skills. The outcome is the share of children never retained in primary
education among children with skill endowments below the 10th percentile and the average skill shock. The
simulations are based on the model in Sections 2.4 and 2.5. The lines are unweighted lowess curves t through
simulated data for 365 birthdays, see footnote 36 for more information.

FIGURE 2.14C: Academic Secondary School Among Children with
Low Skill Endowments

Notes: Comparison of the primary education enroliment policy in the Netherlands with the policy based solely on
birthdates and the policy based solely on skills. The outcome is the share of children going to the most academic
secondary school track among children with skill endowments below the 10th percentile and the average skill
shock. The simulations are based on the model in Sections 2.4 and 2.5. The lines are unweighted lowess curves
t through simulated data for 365 birthdays, see footnote 36 for more information.
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FIGURE 2.15A: End-of-Primary-Education Test Scores and Adverse
Skill Shocks

Notes: Comparison of the primary education enrollment policy in the Netherlands with the policy based solely
on birthdates and the policy based solely on skills. The outcome is the average z-score of the standardized test at
the end of primary education of children with the average family background but skill endowment shocks below
the 25th percentile. The simulations are based on the model in Sections 2.4 and 2.5. The lines are unweighted
lowess curves t through simulated data for 365 birthdays, see footnote 36 for more information.

FIGURE 2.15B: Non-Retention in Primary Education and Adverse
Skill Shocks

Notes: Comparison of the primary education enrollment policy in the Netherlands with the policy based solely
on birthdates and the policy based solely on skills. The outcome is the share of children never retained in
primary education among children with the average family background and skill endowment shocks below the
25th percentile. The simulations are based on the model in Sections 2.4 and 2.5. The lines are unweighted lowess
curves t through simulated data for 365 birthdays, see footnote 36 for more information.

FIGURE 2.15C: Academic Secondary School and Adverse Skill Shocks

Notes: Comparison of the enroliment policy in the Netherlands with the policy based solely on birthdates and
the policy based solely on skills. The outcome is the share of children going to the most academic secondary
school track among children with the average family background and skill endowment shocks below the 25th
percentile. The simulations are based on the model in Sections 2.4 and 2.5. The lines are unweighted lowess
curves t through simulated data for 365 birthdays, see footnote 36 for more information.
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2.A Data Sources and Summary Statistics

The data is provided by theCentraal Bureau voor de StatistieCBS) of the
Netherlands and consists of the administrative records from various branches of
the administration. Records from di erent branches are merged using the CBS
random personal identi er.

Our data on primary school enroliment covers students enrolled in elementary
schools since the school year 2008-2009. For each school year, we observe the grade
a child attends, which enables us to identify the calendar year children enroll in
grade 3 (the beginning of what we refer to as primary education) and a complete
history of progression through elementary school grades. We combine this with
administrative records from municipal registries to obtain the gender, country of
birth, and day of birth for each child®.

Outcome measuresWe assess children's education outcomes using grade retention
in primary education; standardized test scores at the end of primary education;
and the secondary school education track children end up attending. In grade
8, at the end of elementary school, most elementary schools in the Netherlands
administer a standardized test. The decision whether to test children is made by
elementary schools. Standardized tests were rst introduced in 1970 and are taken
into consideration when elementary schools make individual recommendations
regarding the secondary school track. The test is administered over a 3-day
period and centrally scored. Since the school year 2014/15, elementary schools
can choose between three tests. The last school year we use is 2018-19, as there
was no testing in 2019-20 because of Covid-19. We transform raw test scores into
z-scores within each test type and year. The data we use to determine which
secondary school track children end up attending after completing elementary
school comes from the secondary education registers. There are three tracks:
VMBO (pre-vocational secondary education) is a four-year program that leads to
vocational training; HAVO (senior general secondary education) is a ve-year track
that prepares students for higher professional education at universities of applied
sciences; VWO (pre-university education), the most academic track, is a six-year
program preparing students for university. In the rst year of secondary school
(grade 9), students may attend so-called bridge classes, which are not assigned
to any of the three secondary school tracks. We therefore use the track students
attend in the second year of secondary school (grade 10) as the secondary school
track students end up attending.

Family Background: The administrative records from municipal registries link
children to their legal parents. This allows us to obtain information about children's

39Day of birth requires a separate con dentiality statement.
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family backgrounds, such as parental income and maternal schooling. We restrict
the sample to children born in the Netherlands. Parental income comes from
records that the tax authority provides to the CBS. We construct family income by
linking mothers to records for gross household income in 20%°1Gross household
income is de ned as total income from all sources. Itincludes wage income, interest
income, pro ts; income insurance bene ts because of unemployment or disability;
public and private pension income, including survivors' pensions; social security
bene ts including tied transfers for housing and study; and income transfers
received from ex-spouses. The data on maternal education comes from the education
degree register of the Ministry of Education. This register has data on the highest
education degree attained by 2011 using the International Standard Classi cation
of Education (ISCED) classi cation. We convert the data into years of schooling
using the typical time it takes for di erent education degrees$!. We use maternal
education only, as there are more missing links between children and their fathers
than their mothers and there are more missing values for paternal education than
maternal education.

Sample selection:Our main sample is chosen to ensure that we have data on
the school year when the children enroll in grade 3 (the beginning of primary
education); their test scores at the end of elementary school; parental income; and
maternal schooling. This implies that we are limited to four birth years, 2002,
2003, 2004, and 2005. We drop children born in the rst 4 months of 2002 as
some enrolled in primary education in the school years 2007-2008 and we only
have enroliment data starting in school year 2008-2009. We only consider children
born in the Netherlands. We exclude the very small share of children who rst
enrolled in primary education in the calendar year they turned 4 or 8. We also
exclude children enrolled in special education schools.

40This is the year closest to when the children in our data started elementary school.
41See Luijkx and de Heus (2008).
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Table 2.A.1: Data Sources

CBS Dataset Content
Municipality Register Gbapersoontab (2019)| Personal ID, country
of birth, and exact

birthdates
Primary Education Register| Inschrwpotab  (2008-| Students enrolled in
2019) elementary schools

grade retention history,
and test at the end of
elementary school

Education Register

Onderwijsinschrtab
(2008-2022)

Students enrolled in
secondary education

Link Child-Parent

Kindoudertab (2011)

Link from children to
legal parents

Education Level File Hoogsteopltab (2011) | Highest education
degree attained

Household Income Inhatab (2011) Gross Household
Income
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Table 2.A.2: Summary Statistics

Mean S.D. Observations

A. Main Sample (With Maternal Education and Parental Income)

Maternal Schooling in Years (2011) 13.551 3.616 326,416
Log Gross Household Income (2011) 11.213 0.661 326,416
Enrolled in Primary Education in Calendar Year Turn 5 0.012 0.111 326,416
Enrolled in Primary Education in Calendar Year Turn 6 0.787 0.410 326,416
Enrolled in Primary Education in Calendar Year Turn 7 0.201 0.401 326,416

End-of-Primary Education Test Score (z-Score) 0.156 0.953 301,144

Attendance Academic Secondary School 0.335 0.472 304,573

Non-Retention in Primary Education 0.900 0.300 300,117
B. Sibling Sample

Maternal Schooling in Years (2011) 14.073 3.385 95,986

Log Gross Household Income (2011) 11.323 0.642 95,986

Enrolled in Primary Education in Calendar Year Turn 5 0.012 0.109 95,986
Enrolled in Primary Education in Calendar Year Turn 6 0.799 0.401 95,986
Enrolled in Primary Education in Calendar Year Turn 7 0.189 0.391 95,986

End-of-Primary Education Test Score (z-Score) 0.249 0.918 89,137

Attendance Academic Secondary School 0.376 0.484 90,123

Non-Retention in Primary Education 0.910 0.287 88,897
C. Largest Sample (With Parental Income Only)

Log Gross Household Income (2011) 11.142 0.631 649,777

Enrolled in Primary Education in Calendar Year Turn 5 0.010 0.101 649,777
Enrolled in Primary Education in Calendar Year Turn 6 0.770 0.421 649,777
Enrolled in Primary Education in Calendar Year Turn 7 0.220 0.414 649,777

End-of-Primary Education Test Score (z-Score) 0.008 0.984 595,342
Attendance Academic Secondary School 0.260 0.439 604,512
Non-Retention in Primary Education 0.889 0.315 598,174

Notes: The main sample in Panel A refers to children (i) born in the Netherlands in 2002-
2005; (ii) who enrolled in grade 3 (the beginning of primary education) in a Dutch elementary
school in or after the school year 2008-2009; and (iii) with data on maternal education and
parental income. We exclude children born in the rst 4 months of 2002 as some enrolled in
grade 3 before the school year 2008-2009. We also exclude children enrolled in special education
schools. Panel B presents information about the sibling sample. Panel C drops the maternal
education requirement of the main sample.
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2.B  Additional Tables and Figures

Table 2.B.1: Calibration Results for Education Outcome
Models

Test Scores Never Retained Academic Track

SkillEoK 0.067 0.438 0.170

S 0.056 0.037 0.137
Y 0.322 0.348 0.848
Constant -0.489 -1.677 -2.527
Observations 305,793 306,586 302,456

Notes: Calibrated parameters of the models for primary and secondary education outcomes in
Section 5 in the main paper.

Table 2.B.2: RDD Estimates for Primary and Secondary
Education Outcomes

October 1 Discontinuity January 1 Discontinuity

Test Score Never Retained Academic Track Test Score Never Retained Academic Track

Data 0.0383 0.0254 0.0171 0.0316 0.0132 0.0187
(0.0149) (0.00724) (0.00591) (0.0178) (0.00404) (0.00832)

Simulated Data 0.0377 0.0286 0.0177 0.0347 0.0124 0.0197
(0.00144) (0.00105) (0.00077) (0.0025) (0.0012) (0.001)

Bandwidth (in days) 38 29 34 28 26 41

Notes: Estimates using the regression discontinuity design (RDD) are presented in Section 5.2.5
in the main paper. Standard errors are in parentheses. The simulated data is obtained using
the model in Sections 4 and 5 in the main paper. Bandwidths are selected optimally.
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Table 2.B.3: Instrumental-Variables Estimation

Dependent variable: Test Score at the End of Primary Education

(2) (2 3)
Ik 0.264%*  0.269%* 0.268*+
(0.0121)  (0.0120) (0.0257)
k S -0.00574  -0.00620 -0.00954
(0.00445)  (0.00442) (0.00894)
k Y -0.0187 -0.0224 -0.0197
(0.0223)  (0.0218) (0.0426)
s 0.0754*%  0.0702%+

(0.0106)  (0.0105)

Y 0.313%*  0.202%+
(0.0520)  (0.0509)

G 0.000478 -6.26e-05 -0.00214
(0.00259) (0.00258) (0.00525)
Constant -0.468***
(0.0283)
Observations 301,144 301,125 88,419
Number of Schools 6,866
School FE yes
Family FE yes

Notes: This table reports instrumental-variable estimates of the equation for end-of-primary-
education test scores in equation (25) in the main paper. See Section 5.2.6 for more information
on the estimation method and Appendix A for more information on the data.
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Figure 2.B.1A : PIRLS

Notes: Data from the 2011 and 2016 waves of the Progress in International Reading Literacy Study (PIRLS), see
Foy (2013, 2017) for more information. The regression model we use includes xed e ects for months of birth,
the PIRLS waves, and schools. The PIRLS study tested children aged 9 to 10 years. The variable for the age at
the start of primary education is derived from the home questionnaire guestion: \How old was your child when
he/she began primary/elementary school?" The possible answers were 5 years old or younger; 6 years old; 7 years
old; and 8 years old or older. We code "5 years old or younger" as 5 years old and "8 years old or older" as 8
years old.

Figure 2.B.1B . Maternal Schooling and Primary Education Enroliment
Age 7

Notes: Share of children enrolling in the calendar year they turn age 7 by children's birthday, separately for
children with maternal years of education above the median and strictly below the median.
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Figure 2.B.2A . End-of-Primary-Education Test Scores and Age at the
Start of Primary Education

Notes: Scatter plot of the data at the birthday level. See Section 2.3 in the main paper for more information.

Figure 2.B.2B . Non-Retention in Primary Education and Age at the Start
of Primary Education

Notes: Scatter plot of the data at the birthday level. See Section 2.3 in the main paper for more information.

Figure 2.B.2C . Attendance of Academic Secondary School and Age at the
Start of Primary Education

Notes: Scatter plot of the data at the birthday level. See Section 2.3 in the main paper for more information.

94



Chapter 2

Figure 2.B.3 . Calendar Year of Enrollment in Primary Education of
Children by Birthdates and Skill Endowments

Notes: The gure illustrates the implications of the primary education enroliment policy in equation (13) in the
main paper using the parameter estimates in Section 4. Instead of age at enroliment in primary education, the
gure contains information on the calendar year of enroliment in primary education (di erent calendar years are
indicated by di erent colors), as a function of children's birthdates and their skill endowments. Age at enrollment
in primary education is the di erence between the calendar year of enrollment and calendar year of birth on the
horizontal axis.
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Figure 2.B.4A . End-of-Primary-Education Test Scores and Age at the
Start of Primary Education

Notes: Scatter plot of the data and the model predictions at the birthday level. The model predictions are
obtained using the model in Sections 4 and 5 in the main paper. They refer to the expected education outcomes
and ages at the start of primary education given children's family backgrounds and birthdays.

Figure 2.B.4B . Non-Retention in Primary Education and Age at the Start
of Primary Education

Notes: Scatter plot of the data and the model predictions at the birthday level. The model predictions are
obtained using the model in Sections 4 and 5 in the main paper. They refer to the expected education outcomes
and ages at the start of primary education given children's family backgrounds and birthdays.

Figure 2.B.4C . Attendance of Academic Secondary School and Age at the
Start of Primary Education

Notes: Scatter plot of the data and the model predictions at the birthday level. The model predictions are
obtained using the model in Sections 4 and 5 in the main paper. They refer to the expected education outcomes
and ages at the start of primary education given children's family backgrounds and birthdays.
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Figure 2.B.5A . End-of-Primary-Education Test Scores and Age at the
Start of Primary Education

Notes: Scatter plot of the data and the model predictions at the birthday level, separately for families with
income above and strictly below the median. See notes to Figure 4A for more information.

Figure 2.B.5B . Non-Retention in Primary Education and Age at the Start
of Primary Education

Notes: Scatter plot of the data and the model predictions at the birthday level, separately for families with
income above and strictly below the median. See notes to Figure 4B for more information.

Figure 2.B.5C . Attendance of Academic Secondary School and Age at the
Start of Primary Education

Notes: Scatter plot of the data and the model predictions at the birthday level, separately for families with
income above and strictly below the median. See notes to Figure 4C for more information.
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Figure 2.B.6A . Actual and Predicted End-of-Primary-Education Test
Scores at the Individual Level

Notes: Binscatter plot of the actual end-of-primary-education test score of each child against the expected test
score as predicted by the model in Sections 4 and 5 of the main text given children's birthdays and family
backgrounds. Number of bins chosen optimally.

Figure 2.B.6B . Actual and Predicted Non-Retention at the Individual
Level

Notes: Binscatter plot of the actual non-retention indicator for each child against the expected non-retention
indicator as predicted by the model in Sections 4 and 5 of the main text given children's birthdays and family
backgrounds. The non-retention indicator is a variable taking the value of 1 if and only if the child has never
been retained in primary education. Number of bins chosen optimally.

Figure 2.B.6C . Actual and Predicted Enroliment in Academic Secondary
School at the Individual Level

Notes: Binscatter plot of the actual academic-secondary-school enrolliment indicator for each child against the
expected academic-secondary-school enrollment indicator predicted by the model in Sections 4 and 5 of the main
text given children's birthdays and family backgrounds. The academic-secondary-school enroliment indicator is
a variable taking the value of 1 if and only if the child ended up attending the most academic secondary school.
Number of bins chosen optimally.
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Figure 2.B.7A . Actual and Predicted End-of-Primary-Education Test
Scores at the Individual Level|Excluding Implausible Values for Income
and Education

Notes: Figure 6A excluding children from households with gross income in the bottom 2 percent of the distribution
(below ¢ 17,985 per year) and whose mothers have not completed primary school. See Appendix A for more
information on gross income and maternal education.

Figure 2.B.7B . Actual and Predicted Non-Retention at the Individual
Level|Excluding Implausible Values for Income and Education

Notes: Figure 6B excluding children from households with gross income in the bottom 2 percent of the distribution
(below ¢ 17,985 per year) and whose mothers have not completed primary school. See Appendix A for more
information on gross income and maternal education.

Figure 2.B.7C . Actual and Predicted Attendance of Academic Secondary
School at the Individual Level|Excluding Implausible Values for Income
and Education

Notes: Figure 6C excluding children from households with gross income in the bottom 2 percent of the distribution
(below ¢ 17,985 per year) and whose mothers have not completed primary school. See Appendix A for more
information on gross income and maternal education.
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Figure 2.B.8A . Age at the Start of Primary Education|Girls and Boys

Notes: Comparison of actual age and predicted (expected) age at the start of primary education by children's
birthday, separately for boys and girls. Predicted age is obtained using the model in Section 4 of the main text
but allowing children's skill endowments to also depend on their gender. Speci cally, we re-estimate the model

in Section 4 after changing the speci cation for skill endowment in equation (11) to g = Fi+ W;+ v; where
Fi is equal to 1 for girls and equal to O for boys.

Figure 2.B.8B . Test Scores at the End of Primary Education|Girls and
Boys

Notes: Predicted test scores by birthday are obtained by augmenting the model in Sections 4 and 5 for gender,
predicting children's expected test score given family backgrounds, birthdays, and gender, and average at the
birthday level. For more on how the model in Section 4 is augmented see the notes to Figure 8A. The model for
end-of-primary-education test scores in Section 5 is augmented by adding the term sFi, where F; is equal to 1
for girls and equal to O for boys, on the right-hand-side of equation (18). The additional parameter is calibrated

by adding the average di erence between the test scores of boys and girls as a target.
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Figure 2.B.8C . Non-Retention Primary Education|Girls and Boys

Notes: Predicted shares are obtained by augmenting the model in Sections 4 and 5 for gender, predicting children's
probability of non-retention in primary education given family backgrounds, birthdays, and gender, and average

at the birthday level. For more on how the model in Section 4 is augmented see the notes to Figure 8A. The
non-retention model in Section 5 is augmented by adding the term r Fi, where F; is equal to 1 for girls and
equal to O for boys, on the left-hand-side of equation (19). The additional parameter is calibrated by adding the
average di erence between the share of non-retained boys and non-retained girls as a target.

Figure 2.B.8D . Academic Secondary School|Girls and Boys

Notes: Predicted shares are obtained by augmenting the model in Sections 4 and 5 for gender, predicting children's
probability of attending the most academic secondary school track given family backgrounds, birthdays, and
gender, and average at the birthday level. For more on how the model in Section 4 is augmented see the notes to
Figure 8A. The academic-track model in Section 5 is augmented by adding the term aFi, where F; is equal to
1 for girls and equal to O for boys, on the left-hand-side of equation (20). The additional parameter is calibrated

by adding the average di erence between the share of boys and girls attending academic secondary school as a

target.
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