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Abstract
Using several data sources from Chile, we study the impact of starting in a better
elementary school on several short and long run outcomes. The endogeneity of school
choice is addressed by the use of a quasi experimental variation that comes from differences in the available school set in a context of a fuzzy RD-design. First, we show
that the set of available schools induces a relevant shift in the opportunity to start in a
better school measured by non high stake examination. Using this quasi-experimental
variation, our results reveal an important reduction in the likelihood of dropping out, an
increase in the probability that a child would follow an academic track and a reduction
in the probability that a student switches schools over her/his school life. Secondly,
for a subsample of students who completed high school, we observe an increase in
the score in a high stake examination required for college application, and we show
that students are more likely to be enrolled in career/college that is her/his first choice.
For the majority of these outcomes, we show that the impact is larger among students
whose parents have lower levels of education. Finally, we show that the definition of a
better school is correlated with a higher fraction of teacher with college degree, smaller
class size, and higher years of education among the classmates’ parents.
JEL: A21, I24, I25, and I28
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Introduction

Using individual administrative records from Chile, we study the impact of entering a higher
achievement elementary school, measured by its average score in a national non-stake examination, SIMCE1 , on a series of individual educational outcomes. Specifically, this test
was introduced in 1988 to supply information about the evolution of the learning process
to the main agents (families, schools and policymakers) in the context of a system that was
built on the idea that agents should use this type of information to direct their decisions in
general and, school choice in specific.
The basic problem studying the contribution of school’s characteristics on student’s attainment is the fact that school choice is nonrandom. Moreover, the characteristics of the
families that choose a given school are not only partially observed by the researcher but
these variables might directly affect student’s future attainments. We address this endogeneity in school choice by exploiting the change in the school’s average SIMCE score that
comes from a quasi-experimental variation in the available set of schools between children
whose birthday differ by few days in the context of a fuzzy RD design.
Our paper comes to contribute to the growing literature with mixed results concerning
about the impact of attending a “better” school, with Dale and Krueger (2002) and Cullen
et al. (2006) as early examples. On the positive side, for example, Dobbie and Fryer (2015)
find a positive effect attending New York high-performing charter schools on academics and
risky behaviors measured by teen pregnancy and incarceration. Pop-Eleches and Urquiola
(2013), studying the high school admission system in Romania, find that though students
who have access to better high schools perform better in a graduation test, they realize
that they are relatively weaker and feel marginalized, and parents reduce effort when their
children attend a better school. Other studies, however, reveal a mild or a lack of causal
effect; for example Abdulkadiroglu et al. (2014) and Dobbie and Fryer (2014), studying the
case of elite public schools in Boston and New York city.2
1 “Sistema

de Medición de la Educación”
a related study, de Janvry et al. (2016) find that admission to an elite school is associated to modest
rewards on test scores (math) and a considerable increase in the likelihood of dropping out for many students
in Mexico. Moreover, Hoekstra et al. (2016) show for China that while attending a better quality school is
associated to better peers, there is a positive effect in individual performance only among students enrolled in
2 In

1

Differently to the above studies, we estimate the impact of being enrolled in a better
elementary school at first grade rather than at attending a better high school or college.3
That is, the treatment under analysis consists in an earlier exposure to a better school, so we
contribute to the literature understanding when and for whom more resources see reflected
in better outcomes.4 Moreover, the Chilean context is interesting due to its organization
around a voucher scheme that assumes that families search, use and profit from better school
quality. In fact, the whole evidence about the impact of attending a better school comes from
countries with a centralized educational system where families (or at least some of them)
have limited freedom when selecting a school at primary or secondary school level and,
limited is the dispersion in school quality as well as the incentives from schools to compete
in this dimension.
In light of previous literature, one of the empirical difficulties to evaluate the impact
of starting in a better school relies on the fact that, in general, different from the case of
high-school, there is not formal standardized admission test that allows us to compare students around a cutoff score and therefore address the endogeneity in school choice.5 To
address this problem, we rely on a quasi-experimental variation given by an institutional
feature of Chilean educational system where families/children face multiple birthday’s cutoffs defining the minimum age when a student can start first grade of elementary school.
While minimum age requirements have been used to estimate the impact of age of entry
(Cascio and Lewis, 2006; Black et al., 2011; McEwan and Shapiro, 2006),6 here we use
this particular feature to not only to capture the effect of age of entry but also to estimate
“Tier I” HS.
3 One exception is Dobbie and Fryer (2011), finding positive results in math and language for poor minority
elementary school students for in a school in Harlem.
4 Banerjee et al. (2007), find for India that more resources helping students “lagging behind” have an
important gain in term of test scores. Araujo et al. (2016) find for Ecuador a sizable impact on cognitive and
non-cognitive outcomes for a sample of kindergarten children exposed to better teacher practices. Berlinski
et al. (2008) and Berlinski et al. (2009) find that an expansion of pre-primary education in Uruguay and
Argentina, respectively, have long lasting effect in terms of years of education, and the likelihood of staying
in school for Uruguay, and for Argentina, a positive effect on third graders in terms of test scores and on
student’s self-control.
5 As, for example, in Abdulkadiroglu et al. (2014) or Pop-Eleches and Urquiola (2013).
6 McEwan and Shapiro (2006) are the first to notice these multiple cutoffs when estimating the impact
of age of entry in Chile. They find that an increase in one year in the age of enrollment is associated with
a reduction in grade retention, a modest increase in GPA during the first years, and an increase in higher
education participation. In a related paper, Caceres-Delpiano and Giolito (2014) show that those effects tend
to wear off over time.
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the impact of starting in a better elementary school.
Our quasi-experimental variation is given by the fact that families with children born
just after one of these cutoffs (except for the last one) are not forced to wait for the next
academic year to send their kids to school, but face a restricted school choice set in case
they want them to start in the current year. That is, depending on the student’s birthday,
families have more or less restricted choices which alter their chances of starting in a higher
achievement school. Together, the treatment (starting in a better elementary school) and
the randomization (differences in the available school set for children whose birthdays that
differ by few days), allow us to study the heterogeneity in the impact of starting in a better
elementary school between children with more or less educated parents.
Our results reveal, first, that the set of available schools induces a relevant shift in the
opportunity to start in a better school, measured by their SIMCE average score. Then,
using this quasi-experimental variation as an instrument, we find that starting in a better
school causes an important reduction in the likelihood of dropping out, an increase in the
probability that a child would follow an academic track and a reduction in the probability
that a student switches schools over her/his school life. Moreover, for the two cohorts of
students who have completed high school at the time of this study, we observe an increase
in the score in a high stake examination required for college application, and we show that
students are more likely to be enrolled in career/college that were their first choices. For
the majority of these outcomes, we show that the impact is larger among students whose
parents have lower levels of education. Finally, our results of age of entry (controlling for
school quality) are in general supportive of the literature finding benefits of delay .
In light of our results, we should recall that they occur in a context of a voucher system
were allegedly families have freedom to choose schools.7 Angrist et al. (2002, 2006) find
a that policy of randomly distributed vouchers for private secondary schools in Colombia
find positive short and long-term educational effects of vouchers’ winners. However, Hsieh
and Urquiola (2006) show that the equilibrium effects of the introduction of a generalized
voucher scheme in Chile led mainly to increased sorting, finding no evidence that choice im7 Around

a 93% of students in Chile attend schools being funded through this voucher.
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proved average educational outcomes.8 Our results suggest that, first, even after those equilibrium effects have taken place, a policy that allow some of these students to access higherachieving schools may be beneficial for them, and particularly for those from less educated
families. Secondly, these positive gains„ can be seen either asevidence of inefficiencies
in the system where some of the students are not able to choose and profit from a better
schools, or assuming efficiency, that parents are willing to trade these academic gains for
a larger consumption. Yo veo que encontramos efectos de oportunidades pues las familias
que dan prioridad a partir antes, cuando tienen menos oportunidades, eligen peor pues dan
prioridad a otras cosas como puede ser la participación laboral de las madres.9
The paper is organized as follows. In Section 2, we describe our empirical strategy. Section 3 briefly sketches Chile’s educational system, present the data set used in the analysis,
and define the sample and the selected outcomes in the analysis. In Section 4 we present
our results, and Section 5 concludes.

2

Empirical specification

As a consequence of the non-random nature of school choice and researcher’s limited information, the problem of evaluation of the impact of attending a better elementary school
is non-trivial. In order to circumvent this problem, we make use of the minimum age requirement rule and specifically, Chile’s institutional feature of multiple cutoffs, as source of
a quasi-experimental variation. To identify the impact of school quality, we use differences
in the school choice set faced by families at the time of enrollment in primary school. In
Chile’s public school system, families are not restricted to enroll their children in the municipality of residence (while around 90% of the families do so) and the norm is to enroll a
student the year she/he becomes six or seven years of age. In the process of school choice,
families face different frictions depending of the birthday of the student, whether or not the
child is enrolled the year s/he becomes six, and the municipality of residence at the time of
8 As

a result of the nationwide school choice system introduced in 1981, more than 1000 private schools
entered the market, and the private enrollment rate increased by 20 percentage points.
9 In fact, Gelbach (2002) find that access to public schools has a positive effect on measures of mother’s
labor force participation.
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first enrollment. Specifically, the source of frictions used in our analysis comes from the
combination of three elements: i) the minimum age of entry rules; ii) the fact there are in
practice four deadlines that schools can choose when defining the minimum age at which a
child can start school and finally; iii) the difference in the composition of schools according
the deadline across municipalities.
Minimum age requirement rules have been used extensively to address the impact of age
of entry (Cascio and Lewis, 2006; Black et al., 2011). These rules establish that children,
in order to be enrolled in first grade at primary school in a given school, must have turned
six before a given date in the academic year. A common element in almost all of these
studies, is the feature that children in a given educational market face an unique cutoff
date. That is, all children whose birthday takes place before this cutoff date are entitled
to start at any eligible school the year they turn six. Those whose birthday is after this
specific date, must wait until the next academic year to start in any of the same schools.
Although Chile’s official enrollment cutoff was originally set in April 1,st , since the year
199210 the Ministry of Education has provided schools some degree of flexibility for setting
other cutoffs between April 1st and July 1.st In fact, McEwan and Shapiro (2006) show that
in Chile there are four cutoffs used in practice: April 1st , May 1st , June 1st and July 1st .
Differently from a setting with a unique date we have that, first, children whose birthday
takes place before a given cutoff date are entitled to start school the year they turn six in
any school with cutoffs on that date or later. Second, those whose birthday occurs after any
specific cutoff (except for the last one) must either wait until the next academic year to start
school, or restrict the search to those schools with a deadline later in the year. In the case
of students born before April 1st , they are in theory able to choose any school, regardless
they start school the year they turn six or the following academic year. Different is the case,
for example, of students born between April 1st and April 30th , who, unless they postpone
their enrollment, are restricted to choose among schools with deadlines later than April
1.st That is, a child’s birthday not only defines whether or not a student can start school
the year she/he becomes six but also the the school set available in case of starting the
10 http://bcn.cl/1yw2h
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Figure 1: Percentage reduction of the available slot in the municipality by birthday
first year when the student is eligible. Figure 1 (ACA NO IRIA EL RATIO???)shows the
percentage reduction in the available slots when a child is first time eligible in respect to the
total available slots in the municipality (available when waiting for the next academic year).
We observe, first, that children born after April 1st face a reduction in universe of schools.
Secondly, a similar drop is observed around the first two cutoffs with a major decline in the
set of schools around the third cutoff. In fact, the larger drop in the third cutoff is explained
by the fact that the bulk of the schools use the June 1st and the July 1st cutoffs. However,
we do not observe a drop in the school set for those children born after July 1st since they
are forced to start school the year that they become seven years old, facing the complete set
of schools.
In the context of a search model, a decrease in the vacancies when a student is first time
eligible to start elementary school will have two effects. On the one hand, given a minimum
acceptable quality, it induces the families to continue searching, therefore, increasing the
probability of starting school the following academic year. On the other hand, the minimum
acceptable quality might decrease, so increasing the probability of a lower quality as final
match. In this line of argument, children born later in the year (but before July 1st ) should
6

Figure 2: School quality at first grade of elementary school by birthday
either delay entry or end up in a lower quality school due to the higher friction associated to
the reduced set of schools. Figure 2 shows the average school SIMCE score of the school
where the students started first grade, by day of birth. Notice that those children born later
in the calendar year, but before July, are more likely to start their primary education in a
school with a lower SIMCE score, which is consistent with them facing more frictions in
their school search. The only exception is observed for the language score (right panel)
among children born between June 1st and July 1st , for whom we observe an increase in the
average score. A potential explanation for this increase is related to the delay in the age of
entry. In fact, when the population is restricted to children who started school the year they
became six (shown in Figure 3), we observe a larger decrease in scores, which monotonically decrease as we move along the calendar year. Finally, notice also in Figures 2 and 3
that the discontinuity in the reduction of SIMCE score is consistent with the discontinuity
of the set of available schools around each of the cutoffs, shown in Figure 1.
As already mentioned, families, in addition to the differences in the set of schools, face
a change in their incentives to start school at the age of six. So, because of their preference
for a particular school or a high cost of continuing the search process, around every cutoff
7

Figure 3: School quality at first grade of elementary school by birthday. Children starting
school at the age of six
individuals may change their decision to start primary school the year that they become six.
This is depicted in Figure 4. First, we observe that those children born after July 1st are
older when started school, given that they are not allowed to start school the year that they
become six . However, conditional to be eligible to start school the year they became six,
those students born just before April 1st are the youngest. Second, there is a distinguishable
jump in the age starting school for children born around April 1st , May 1st , June 1st and
July 1st . Though for each of these thresholds we observe a discontinuity in the fraction
of children starting school at the age of 6, notice that the jump is larger for those children
born around the threshold of July 1st . This larger jump is jointly explained by the perfect
compliance associated to rule of becoming six years of age later than July 1st , and the higher
fraction of schools using this last cutoff.
This discontinuity in the age of entry, together with the assumption that parents cannot
fully manipulate the date of birth, has been used in the literature as quasi-experimental
variation in the age of entry at core of “fuzzy”11 Regression Discontinuity (RD) strategy in
11 In

a fuzzy RD design the probability of treatment (starting primary school at the age of six) changes in
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Figure 4: Fraction of students who start school the year becoming six and average age of
entry
recent papers (McEwan and Shapiro 2006;Cascio and Lewis 2006). However, as we have
just shown, around each of these cutoffs we observe a combined treatment; school set and
school eligibility to start at the age of 6.
In order to sort out the effect of age of entry from the one of starting in a better school,
we not only use the fact that some children are not eligible to start in some schools but also
that the distribution of schools/cutoff differs across municipalities and that we observe the
school set available for a student with a given birthday. The idea is simple: being born
after a given cutoff implies a tradeoff between starting elementary school the current year,
choosing a school from the reduced set still available, or to start the following year facing
the full set of schools. Since the composition of schools around a cutoff is not the same
across municipalities, children born around the same date but residing in different municipalities face a different reduction in the relevant school set available.12 Therefore, in order
to sort out these two effects, we use, additionally to quasi-experimental variation in school
eligibility around an specific cutoff, the fact that the distribution of schools with different
magnitude lower than one. On the other hand, in the case where the treatment is a deterministic function of
day of birth, the probability of treatment would change from one to zero at the cut-off day. For more details,
see Lee and Lemieux (2010).
12 As stated above, even though in theory families are not obligated to send their children to a school in their
municipality of residence, around 90% of families do so.
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cutoffs is not the same across municipalities. Using administrative data for the complete
population of students, we are able to construct the full set of schools available in the municipality at each birthday for students in case they decide to start the year they become six.
That is, the identification in mind comes from the fact that the treated population (children
starting school at the age of 6 or 7) were exposed to different “doses” of a second treatment
(reduction in the school set) in case they started at the age of six. That is, conditional on
age of entry, we could learn the impact of going into a better elementary school by using,
as an additional instrument (source of variation), the friction coming from a more or less
restrictive school choice set in the municipality when a student is eligible for the first time.
Specifically, even though children born before April 1st are equally eligible to start at the
age of six to children born later, those born around May, June or July discontinuities face,
in order to start school the year s/he became six, a reduction in the available set of schools,
that also differs across municipalities. Therefore, the joint discontinuity in eligibility to
start school at the age of six and the one in the school choice set, in addition to municipal
variation in the reduction in the school set, provides us with a potential quasi-experimental
variation that not only address the endogeneity of age of entry but also the impact of school
quality in a context of a “fuzzy”13 Regression Discontinuity (RD) strategy.
In particular, the specification we use to estimate the impact of school choice can be
expressed as follows,

ynict =hc + fb + rt + Ge + a 1 Entry6i + a 2 SimceSchli + gn (xin ) + d Xct + eict

(1)

ynict representing one of the outcomes for student i, in the neighborhood n 2 {1, 2, 3, 4} ,
the year t in the municipality c. Specifically, the neighborhood n corresponds to the observations around the four cutoffs. Hahn et al. (2001) show that the estimation of causal effects
in this regression discontinuity framework is numerically equivalent to an instrumental vari13 In

a fuzzy RD design the probability of treatment (starting primary school at the age of six) changes in
magnitude lower than one. On the other hand, in the case where the treatment is a deterministic function of
day of birth, the probability of treatment would change from one to zero at the cut-off day. For more details,
see Lee and Lemieux (2010).
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able (IV) approach within a small interval around the discontinuity.14 Given the the size of
the dataset we use in this paper, we are able to use a conservative 5 days neighborhood
around each of the cutoffs.15
The variable Entry6i is a dummy variable taking a value of one in the case in which the
child started primary school the year he/she became six years of age and zero, otherwise.
The variable SimceSchli is our measure of school quality for a student i, corresponding to the
average SIMCE score of the school the year before the student’s enrollment in first grade.
Xct corresponds to municipality controls.16 gn (xin ) is a flexible polynomial specification in
the day of birth 17 for a student whose birthday is around the n cutoff. Finally, hc , fb , rt and
Ge represent municipality, year of birth, calendar year and parent’s education fixed effects,
respectively.18 The parameter of interest in equation (1) is a2 and indicates the impact of
one point in the average test of the school on one of the selected outcomes.
As stated above, the variables indicating whether or not a child starts school at the
age of six (Entry6i ) and the school quality (SimceSchli ) are two non random variables.
In order to address this endogeneity, we make use of the discontinuities induced by the
age requirements in child’s eligibility to start school at the age of six, and the frictions
associated to the differences in the available set of schools across municipalities. For each
of the two endogenous variables, endogi , in equation (1) we estimate the following first
stage regression to formally inspect a relevant variation:
14 By

focusing on observations around these discontinuities, first, we concentrate on those observation
where the age of entry is as randomly assigned. This randomization of the treatment ensure that all other
factors (observed and unobserved) determining a given outcome must be balanced at each side of these discontinuities.
15 To define this bandwidth we use two different methods. First, using the rule-of-thumb approach (Lee and
Lemieux, 2010), we find a bandwidth that goes from 5 to 10 days. Alternatively, using a method based on the
calculation of the cross-validation function (Lee and Lemieux, 2010), we find a bandwidth of 20 days around
the discontinuities.
16 Annual municipality controls include average education, income per capita, population at municipality,
poverty rate, fraction of individuals per quintile of income, fraction of households and fraction of individuals
classified as low income.
17 Specifically, xn = BD −Cn where BD is the birth day in the calendar year of a student and Cn is one the
i
i
i
four cutoffs.
18 We use as parent’s education as the highest observed education between the father and the mother reported
in SIMCE parents’ survey. We define as an additional category for the case when the educational level is
missing simultaneously for mother and father. We also include a dummy variable that indicate whether the
students is or not a boy and three dummies indicating whether or not the birthday of the students falls around
the second, third or fourth cutoff.
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endogi = hc + fb + rt + Ge + d Xct + g1 ⇤ 1{xin > 0} + g2 ⇤ 1{n = 4} ⇤ 1{xi4 > 0} + q ⇤ Rcsn + gn (xin ) + vit ,(2)

where, 1{⇤} is an indicator operator. That is, 1{xin > 0} defines whether or not an individual
is over one of the four cutoffs and 1{n = 4}, that a student belongs to the neighborhood
around the last cutoff (July 1st ). The variable Rcsn , our ”friction” measure defined as the
ratio of number of the available sits over the number of eligible students in first grade in the
municipality c, around any cutoff sfor a student when is first time eligible to start school,
and her/his birthday is before (s = 0) or after (s = 1) the n cutoff in the municipality c,
when a child is first time eligible to start school. Specifically, the parameters of interest
in equation (2) are g1 , g2 , and q , the impact associated to the excluded instruments. g1
(g1 + g2 ) represents the discontinuity in the endogenous variable at first (last) cutoff and
q the contribution to the change in the endogenous variable due a lower friction (higher
value of Rcs Rcsn ).19 For the variable Entry6, we expect g1 , (g1 + g2 ) < 0, as previous studies
have shown. That is, children whose birthday is just over one of the deadlines, are less
likely to start school the year the become six years of age. However, we also expect that
the larger is the number of slot available for a given population (larger Rcs Rcsn ), the larger
is the chance that a student will start school the year s/he becomes six, that is, q > 0. Now,
for the variable measuring the school quality (SimceSchli ), we expect that g1  0, that is,
children born after a given deadline cannot be better in terms of the school quality once the
school set has been reduced. Nevertheless, the larger is Rcs Rcsn (the lower the friction), a
better school can be potentially reached, so q > 0 is expected.
By adding to the specification a fully flexible polynomial specification, gn (⇤), in the
day of birth,20 we deal with the possibility that students born at different dates differ in a
19 We

allowed that the impact of school eligibility differ across all cutoffs in a original version. However,
we did not find a consistent difference between the first three cutoffs but a difference between the first three,
and the one in July. This seems natural given the fact that birthdays just after the first three deadlines does not
stop students looking for a school that enable them to start elementary school the year that they turn six years
of age. We explored if the impact of school set differ across cutoffs but we found just a weak difference in the
variable Enrty6. We opted for a homogeneous specification in order to avoid weak instruments.
20 Given a small interval around the discontinuity and a parametrization of gn (⇤), the estimated function can
be seen as non-parametric approximation of the true relationship between a given outcome and the variable
day of birth, that is, we face a lower concern that the estimated impacts are driven for a incorrect specification
of gn (⇤).
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systematic manner.21 In fact Buckles and Hungerman (2013) show, for United States, that
season of birth is correlated with some mother’s characteristics. Specifically, they show
that children born in winter are more likely to be born from mother with lower levels of
education, they are more likely to be teen mothers, and they are more likely to be AfroAmerican. Nevertheless, even if mom’s characteristics were correlated simultaneously with
birthday and child’s educational outcomes, it does not invalid our RD approach. What
it is required, is that the effect of these observed and unobserved factors do not change
discontinuously in the mentioned cutoffs.
In a context of “intrinsic heterogeneity” (Heckman et al., 2006), the estimated parameters can be interpreted as a weighted “Local Average Treatment Effects” (LATE) across
all individuals (Lee and Lemieux, 2010). That is, this fuzzy RD design does not estimate
the impact of age of entry just for those individuals around the discontinuity but overall
compliers. How close is this weighted LATE from the traditional LATE, depends on how
flat are these weights (Lee and Lemieux, 2010). Specifically, in our problem these weights
correspond to the ex-ante probability that a child is born close to any of these four discontinuities, that is, be born in autumn. If we think that all individuals in the population
have a similar probability to be born in autumn, our estimated parameter will be close the
traditional LATE.22
21 Using

Akaike’s information criterion (AIC), we get a degree for g(.) that is either one or two depending
on the outcome. We use a local linear specification in our preferred model.
22 Since the last cut-off (July 1st ) is associated to a practically perfect compliance in the age of entry, the
use of only the last discontinuity is closer to sharp RD where the interpretation of the estimated parameter is
a weighted “Average Treatment Effects.”
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Chilean education system, data and variables

Since a major educational reform in the early 1980s23 , Chile’s primary and secondary educational system has been characterized by its decentralization and by a significant participation of the private sector. By 2012, the population of students was approximately three
and half millions, distributed throughout three types of schools: public or municipal (41%
of total enrollment), non- fee-charging private (51% of total enrollment), and fee charging
private schools (7% of total enrollment)24 . Though both municipal and non- fee-charging
private schools get state funding through a voucher scheme, the latter are usually called
voucher schools25 .
Primary education consists of eight years of education while secondary education depends on the academic track followed by a student. A “Scientific-Humanist” track consists
of four years and it prepares students for a college education. A “Technical-Professional”
track has a duration in some cases of five years with a vocational orientation aiming to
help the transition into the workforce after secondary education. Until 2003, compulsory
education consisted of eight years of primary education; however, a constitutional reform
established free and compulsory secondary education for all Chilean inhabitants up to the
age of eighteen. Despite mixed evidence on the impact of a series of reforms introduced
as of the early 1980’s on the quality of education26 , Chile’s primary and secondary edu23 The management of primary and secondary education was transferred to municipalities, payment scales
and civil servant protection for teachers were abolished, and a voucher scheme was established as the funding mechanism for municipal and non- fee-charging private schools. Both municipal and non- fee-charging
private schools received equal rates tied strictly to attendance, and parents’ choices were not restricted to
residence. Although with the return to democracy some of the earlier reforms have been abolished or offset by new reforms (policies), the Chilean primary and secondary educational system is still considered one
of the few examples in a developing country of a national voucher system which in the year 2009 covered
approximately 93% of the primary and secondary enrollment. For more details, see Gauri and Vawda (2003).
24 There is a fourth type of schools, “corporations”, which are vocational schools administered by firms or
enterprises with a fixed budget from the state. In 2012, they constituted less than 2% of the total enrollment.
Throughout our analysis, we treat them as municipal schools.
25 Public schools and subsidized private schools may charge tuitions and fees, with parents’ agreement.
However, these complementary tuitions and fees cannot exceed a limit established by law.
26 The bulk of research has focused on the impact of the voucher funding reform on educational achievements. For example, Hsieh and Urquiola (2006) find no evidence that school choice improved average educational outcomes as measured by test scores, repetition rates, and years of schooling. Moreover, they find
evidence that the voucher reform was associated to an increase in sorting. Other papers have studied the extension of school days on children outcomes (Berthelon and Kruger, 2012), teacher incentives (Contreras and
Rau, 2012) and the role of information about the school’s value added on school choice (Mizala and Urquiola,
2013), among other reforms. For a review of these and other reforms since the early 1980’s, see Contreras
et al. (2005).
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cation systems are comparable in terms of coverage to any system we can observe in any
developed country.
We construct two group of outcomes from several data sources. First, we use data from
public administrative records on educational achievement provided by the Ministry of Education of Chile for the period 2002-2014. These records contain individual information for
the whole population of students, with individual’s identification that allows each student to
be tracked over her/his whole school life. We analyze the cohorts born between 1996 and
2005, keeping those students for whom we have information since they started elementary
education. By using students’ records we are able to build seven variables that describe
the students’ progression over their school life. Specifically, the first group of variables
attempts to characterize the impact of school choice on school performance. The first variable, “Pass”, is a dummy variable taking a value of one when a student passes to the next
grade, and zero otherwise. A problem with this variable is that they could reflect a school’s
characteristics rather than a student’s own achievements27 . In order to take care of this issue we use a language and math SIMCE 28 national standardized test given in 4th, 8th and
10th grades (2nd year of high school).29 The next two outcomes describe the movement
between schools in a given year. The first of these variables takes a value of one in the case
of a child changing school in the middle of a school year, and zero otherwise. A central
idea in a voucher system is to promote competition between schools and enable children to
choose the school that fits them better. Recent evidence points as well to an active selection
from the school side (Urquiola and Verhoogen, 2009). Independently of which side is actively choosing, the fact that a child changes school in the middle of the school year reflects
a significant student-school mismatch. The second dummy variable in this group takes a
value of one in the case where a child is observed in two (or more) different schools for
two consecutive years. The following variable is a dummy variable, Scientific-Humanistic
track, that takes a value one in the case where the child follows an academic track to prepare
27 Anecdotal

evidence exists on grade inflation, which has not been equally observed among all schools
de Medición de la Calidad de la Educación.
Data is available from
http://www.agenciaeducacion.cl.
29 The 4th grade SIMCE exam was given every year from 2005. The 8th and 10th grade exam were administered in the every other year starting in 2007 and 2006, respectively.
28 Sistema
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students for college, and zero otherwise (“Technical-Professional” track). The last variable
in this group, dropout, is a dummy variable taking a value of one in the case of which a student in the last year is observed, (except for 2014), has not completed secondary education
or the year 2014 has not completed the academic year in any school and zero, otherwise.
The final group of variables correspond to five outcomes related to college application.
These variables are constructed for the cohort of students born the years 1996 and 1997,
since they are the ones who should have completed their secondary education by 2014. To
be admitted by most universities, students at the end of high school must take the national
standardized college admission test (PSU, Prueba de Selección Universitaria). The first
variable, Took the PSU, is a dummy variable taking a value one in the case of where a
student in the administrative records is observed taking the PSU, and zero otherwise. The
variable PSU score 1st, is the PSU score, restricted to their first attempt in case of individuals taking the PSU more than once. The variables Ever Enrolled College and First Choice,
are dummy variables indicating whether or not a student has been enrolled in college and,
whether or not the student was enrolled in her/his first choice when took the examination
for the first time, respectively. The last variable, Career cutoff, corresponds the score of
the last admitted student in a given the career where the student has enrolled. For those
students who have not enrolled, we input a value of zero for this last variable.
Descriptive statistics are presented in Table 1. Our sample is composed for approximately 250,000 students each cohort; half of them are boys; 91 percent of the children
starting primary school do so in a school in their own municipality. The average age of entry is 6.144 years, with 65% of the students starting school the year they turn six. In terms
of the selected outcomes, approximately 93% of the students being promoted to the next
class in every period. In a given year over the period under analysis, approximately 16% of
students change school, with approximately 5% changing in the middle of the school year.
Moreover, around 60% percent of the children in secondary education follow an academic
track. Regarding the type of school where the children are enrolled for the first time, approximately 6% and 50% of the students in a given year are enrolled in a private or voucher
school, respectively. The average class size are approximately 30 students and the average
16

education of the parents of the classmates is approximately 10 years. The average age of
school teacher is 44 and they have an average of 15 years of experience. Finally, approximately 86% of the teachers in fourth grade have a college degree.
The graphic analysis presenting the relationship between each of the outcomes and student’s birthday is reported in the online appendix.

4
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Results

4.1

Continuity in predetermined variables and manipulation of the
running variable (RD Checks?, me gustaria un titulo mas corto)

Our analysis using a RD design builds on the fact that changes in school eligibility and
in the available set of schools around the cutoffs can be seen as good as an randomized
assignment for those students with a birthday near to these dates. Then, as in any random
assignment, those pre-determined characteristics at the time of the randomization should
have the same distribution among treated (students with a birthday just after one of the four
cutoffs) and control group (students with a birthday just before one of the cutoffs). Evidence
of a systematic difference in these pre-determined characteristics around these dates would
compromise the underlying assumption that individuals cannot precisely manipulate the
running variable (Lee and Lemieux, 2010).
First, figure 5 inspects graphically the existence of a potential discontinuity among four
baseline characteristics available in the data set: gender (fraction of male), mother’s and
father’s education, and the highest education of the students’ parents. Moreover, we plot
the fitted value for a flexible polynomial for each of the five samples defined by the discontinuities. The graphical representation does not show any sizable discontinuity for these
selected variables. Moreover, we also formally test for discontinuities in this baseline characteristics using different polynomial specifications and three bandwidths (5, 10 and 15
30 For

each outcome, we fit a flexible second degree polynomial at every side of the four discontinuities.
Two elements are noticeable from the figures; first the existence of a series of discontinuities around the cutoff,
and secondly, a heterogeneous jump around of them. In fact, for all the outcomes, the largest and evident jump
is observed around July 1st These features are not only consistent with a positive effect associated to a largest
school set, but also, with an overlap with a second treatment, that is delaying school entry.
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Figure 5: Balancing covariates
days). The p-values are reported in the first four columns of table 2.31 For only one (six)
out of 40 specifications the null is rejected at a significance level of 5% (10%).
Second, the randomization of treatment in the neighborhood of the discontinuities rest
on the assumption that families cannot precisely select the day of birth of their children.
That is, the validity of a RD design can be compromised in cases in which individuals are
able to precisely manipulate the running variable (day of birth) (Lee and Lemieux, 2010).
In fact, we could expect that benefits/costs associated to a delay in the age of entry, together
with the fact that - minimum-age entry rules are of public knowledge, might induce some
families to choose the season of birth as function of these an other individual’s gains. It is
worth noticing that Chile is (with Turkey and Mexico), one of the countries with the highest rate of c-section in the world. Buckles and Hungerman (2013) show that the season
of birth is correlated with some mother’s characteristics in the United States. These two
31 Specifically,

we use the regression model covariatei = as + hc + fb + g s ⇤ 1{xis > 0} + g(xis ) + vit , foreach
of the predetermined variables. 1{xis = BDi Cs > 0} is an indicator variable taken a value of one for sudents
whose birthday (BDi ) is over the s cutoff (Cs ), and zero otherwise. as is an specific constant for individuals
around the s cutoffAs in equation (1) , hc and fb represent municipality, and year of birth fixed effects,
respectively. Finally, Rcs is the friction measure for a student in the municipality c around the s cutoff.
The null hypothesis for which the p-values is reported, g s = 0, there is not differences in the predetermined
variables between children over and those below any of the cutoffs,.
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facts suggest some power to select the running variable. Nevertheless, the fact that families can sort themselves over the calendar year does not invalidate this quasi-experimental
design. The critical identification assumption, however, is that individuals lack the power
to precisely sort themselves around these discontinuities (Lee and Lemieux, 2010). Under
precise manipulation, we would find observations stacking up around the discontinuities
or in other words, we would observe a discontinuous distribution for the day of birth (the
running variable). Figure 6presents the raw histograms for the day of birth for all individuals born from the 25th of March until 6th of July. Despite the high volatility, these figure
hide a quite uniform distribution of birth during the calendar year but with a high dispersion
across municipalities, week days and year of birth. We observe from the raw histogram an
average of 650 births per day with values that move between 800 to 500 births per day. In
fact, controlling for municipality, day of the week and year of birth fixed effects, Figure 7
reveals a uniform distribution of births across the calendar year and it does not support a
discontinuity in the distribution of the running variable over the cutoffs. That is, in a given
municipality and year of birth, we observe approximately 9 birth per day. Finally, following McCrary (2008), we formally test for a discontinuity in the distribution of the running
variable by running a regression that has as dependent variable the frequency of birthdays
over the calendar year, and as we did with the previous four pre-determined variables. The
p-values are reported in the fifth column of table 2. Only for one of these specifications we
are able to reject the null at a significance level of 5%, specifically for a linear specification
when we increase the bandwidth to 15 days around the deadlines. That is, parents might be
able to select approximately the week or month of the birth but they cannot choose precisely
the day.
As we have already mentioned, part of the variation in the available school set comes
from differences across municipalities in the composition of schools according the date
when the student must turn six in order to be age eligible. This variation could be potentially
problematic in the case that families would choose the municipality of residence as a way to
improve their school set. We believe this concern is not relevant in context of our analysis.
First, Chile runs a national voucher system where the school choice is not restricted to the
19

Figure 6: Histogram day of birth. Individuals born between the 25th of March and July 6th.

Figure 7: Conditional Histogram
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municipality of residence. Second, the evidence does not support for the case of Chile that
families change municipality when selecting schools. Using administrative records, Figure
8 presents the evolution of three variables over school life: fraction of students changing
schools, fraction of students changing municipality of residence, and fraction of students
moving to a school in a different municipality. First, the fraction of students switching
municipality of residence every year is on average less than 5 percent every year, and it
falls over the school life. On the other hand, the fraction of students switching school over
the school life is on average 20 percent, and it increases over time. In fact, a large jump
is observed in grade 9 (first year of secondary school) with more than 50 percent of the
students switching school. Despite this major jump in the fraction of students switching
school when moving to secondary school, there is not jump in the fraction of students
moving to other municipality. In fact, the data suggests that behind this switching of school
is before accompanied by a change in the fraction of students looking for a school outside
the municipality rather than deciding to move to other municipality.

32

We formally test for evidence of migration between municipalities using data from birth
records. Specifically, for every cell defined by day of birth and municipality, we construct
the ratio of enrollment to birth and we test for a discontinuity in this variable as we did for
the rest of the variables. The results are presented in the last column of Table 2. We only
detect a difference in this ratio for a bandwidth of 15 days, which it is likely to be related to
the imprecise manipulation of birth date mentioned above.

4.2

The impact of the age eligibility rules and available school set on
the endogenous variables.

The evidence in the previous section supports a first requirement in our RD design as a
source of randomization: other observed and unobserved factors seems uncorrelated with
the treatments. Specifically, we found that the induced variation resulting from the different
cutoffs is not only uncorrelated with other pre-determined variables but also there is no sign
32 Taking

them together, these facts suggest that the pattern of the probability of municipality switching
over the school life is more related to demographic factors (e.g parents’ age and their possibility to become
homeowners) than to school switching.
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Figure 8: Comparative Evolution of Municipality vs School change by grade
that families are able to manipulate precisely the day of birth. Nevertheless, we also need
that the minimum age requirements and the fluctuation in the school set produce a relevant
variation in our potentially endogenous variables. In Figures 4 and 1, we have already
shown that, in fact, the age cutoffs are associated to an evident jump not only in the age of
entry but also in the school choice set, respectively. We formally test for a relevant variation
in the two endogenous variables in the analysis by estimating equation 2. For clarity in the
exposition, we just report the estimates of g n and q in Tables 3 to 5.
Table 3 present the estimates for a local linear specification using a two (first four
columns) and five (last four columns) days bandwidth. For these two bandwidths we show
the estimates with and without other covariates (on top of municipality fixed effects).33 The
first element to be noticed is the robustness of the estimates when including additional variables in the model. This robustness into the inclusion of other covariates is consistent with
the evidence presented in the previous section about the lack of correlation between ob33 Additional

controls include parent’s education, gender, year of birth, and calendar year fixed effects, as
well as municipality controls. Annual municipality controls include average education, income per capita,
population at municipality, poverty rate, fraction of individuals per quintile, fraction of households and fraction of individuals classified as low income. Finally, dummies indicating the neighbordhood around each of
the specific deadlines were included in all the specifications.
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served predetermined variables and the treatments around the discontinuities. The second
element to be noticed is the robustness of the estimates to the bandwidth used.
Regarding to the estimated coefficients for age of entry, we observe, first, that while
being born after any cutoff except for July July reduces the probability of starting at the
age of six in approximately eight percentage points, this probability falls to close to fifty
percentage points for individuals around the last cutoff. That is, while students who lose
eligibility for schools with a early cutoff are still able to continue searching for a school
that grants them admission the year they turn six, students crossing the last cutoff (July
1st or later) are forced to start school the following year.34 . Second, notice that the impact
of the available school set has also the expected sign on the probability of starting at the
age of six. Specifically, the increase in one slot per student increases the probability to start
elementary school the first year of eligibility in approximately two percentage points.
The results for the average SIMCE score of the initial school show that the chances of
starting in a better school are primarily defined by the available school set. Even though we
do not observe a significant difference in average score between students at either side of
the cutoffs, an additional slot per student is associated to an average increase of 2.5 points
in the school SIMCE (approximately 0.1 std. in the school score distribution). Moreover,
following the equivalence with an IV approach, the value of the F-statistic for the null about
the joint relevance of the excluded instruments (reported at the bottom of the table), summed
up to the fact that age eligibility is identifying both age of entry and school score, identified
by the available school set, suggests to disregard any concern of weak instruments.35
Table 4 reports the previous estimates using a quadratic and cubic specification for g(xin )
and, additionally, a bandwidth of 10 days around the cutoffs. The estimates are pretty
robust. Finally, tTable 5 report the estimates for a 5 days bandwidth, dividing the sample
according highest educational level of the parents. From this last analysis, we not only
confirm a relevant variation for these two subsamples, but we also are able to shed some
34 Note in figure 4, that approximately half of the children born before July start school at the age of six.
Therefore our estimates for the last cutoff suggest perfect compliance with the age rule.
35 We formally report the underidentificationunder-identification, and weak instruments test for each of the
outcomes in the second stage. We proceed in this mannerway since the sample for each of the outcomes is
not necessarily the same.
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light about the channel in quasi experimental variation used. First, just looking at the point
estimates, we observe that parents with a lower educational level are the ones more sensitive
to capacity and age eligibility rules when studying the probability to start school the year
that student become six years of age. On the other hand, parents with higher levels of
education are the ones who profit the most in terms school’s test by increasing the available
set of schools. While one additional slot per child increases in approximately 1.5 points in
the average school SIMCE for children with parents with up to twelve years of education,
, we observe an increase of around 3.8 points in the case of parents with more than twelve
years of education. This evidence suggest that some of the parents with higher levels of
education, who react less to minimum age rules, can make the most with a larger school
set because in the first place they arewere less willing to accept a reduction in the quality
of school that would come fromchange their decision of starting the year the child becomes
six. Parents with lower level of education, on the other hand, gain the least with more
options, because more of these options increase the probability of starting the year they
become six, so it is less attractive for them to wait for a better school so they and therefore
are more likely to send their children the first time that they are age eligiblethe year when
they face a reduced set of schools.

4.3

Reduced form estimates

Table 6 presents the reduced form estimates for the first group of outcomes. Panel I, reports
the estimates for the complete sample, panel II for the sample of students whose parents’
education is 12 or fewer years, and panel III, for the sample of students with parent’s education higher than 12 years of education. The results reveal, first, that loosing eligibility to
start the year the student becomes six years of age in some of the schools but still being able
to start in other schools (g1 ), or loosing eligibility in all the schools (g1 + g2 ), has associated
a positive effect on the different outcomes in this group of variables which is consistent
with the documented positive effect of delaying the start of elementary school. While we
observe gb1 > 0 but significant for only three of the outcomes, we not only observe a gb2 > 0

but also significant for all the outcomes but the probability of switching school. That is, the
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positive effect of losing eligibility to start the year the students become six, is significantly
larger for those students that must wait until the next academic year. The estimated effect
of the slots per student, qb, reveal a significant effect for tall he outcomes but the probability

following a scientific-humanistic track and the probability of passing a grade. The sign of
the estimated q , is consistent with a positive effect associated with a larger school choice
set. However, as we saw in the first stage, this larger school choice set might induce some
students to start the year they become six and a consequent negative effect. In fact, for the
sample of students whose parents have a lower level of education, we observe a negative
effect associated to larger slot per student on the probability of repeating a grade and the
probability of following a scientific-humanistic track. In fact, for families with lower level
of education we not only observed a larger effect of the excluded instruments on the probability of starting at the age of six in the first stage, but also we just observe a larger effect
on loosing eligibility to start early. In fact, for the sample of families with more educated
parents, where we observed an smaller effect of loosing eligibility on the probability of
starting at the age of six, we not only observe a positive effect on the probability of passing
a grade and following a scientific track but also the point estimates for the slots per students
on the rest of the outcomes is larger than the one observed for less educated parents.
As we did with the previous outcome group, we first present the reduced form impact in
Table 7. Probably due to the smaller sample size, fewer estimates are significant. In relation
to the impact of loosing eligibility (being over the cutoff), we observe only a significant effect for the last cutoff. However, opposite to the perception of a positive effect when been
force to delay the entry to elementary school, we observe a reduction in the probability of
being enrolled in college, a reduction in the probability of being enrolled in the student’s
first choice and a reduction in the cutoff of the career chosen by the student. Specifically,
these results are driven by the sample of students with more educated parents. The estimates
associated to an increase in the slots per student show only a significant effect on the probability of taking the PSU and the average PSU. Specifically, we observe that an increase
in the slots reduces the probability of taking the PSU but a positive effect on the average
score. Recall from the first stage, that more option might result in worse educational out25

comes when this increase in option induces students to start earlier into elementary school.
In fact, the result on the probability of taking the PSU is driven by the sample of students
with less educated parents, panel II, for whom we found a larger effect associated to the slot
per student on the probability of starting the year when they become six.

4.4

Student’s individual performance

Table 8 presents the estimates of equation 1 for the first group of outcomes. Panel I in
the table,shows the presents OLS the estimates of the parameters a1 and a2 for the complete sample.36 Panel II, and Panel III presents the IV estimates for the complete sample
of students using a bandwidth of 5 (IV5) and panel III, the IV estimates of a2 using
a bandwidth of 2 days around the cutoffs (IV2). Panel IV, presents the hetereogeneity
analisisanalysis by parent’s education37 and the one over the different cutoffs. Finally Panel
V, presents the under-identification and weak instruments test. From this last panel, we not
only confirm an independent source of variation for each of the endogenous variables but
also that the source variation induced by age eligibility and school set are such that allow
us to rule out a concern of weak instruments.
In terms of the point estimates and consistent with the previous graphical analysis, IV
estimates using a bandwidth of 5 days (IV5) reveal a positive effect when a child is enrolled
in a better elementary school for all the outcomes but the language non high-stake exam.
In order to get a sense about the estimated magnitude we do the exercise of increasing in 5
points the average school score. This increase corresponds to the observed difference in the
average school score between children who, starting at the age of six, had as only option
schools with a cutoff in July and, those also starting at the age of six, faced the complete set
of schools (Figure 3). In terms of the baseline means (see Table 1), an increase in 5 points
in the average test score, increases the probability of passing a grade in approximately 0.43
percent. This is a modest change when compared with the reduction on the likelihood of
36 The

complete sample when obtaining the OLS estimates includes all the students with a birthday 5 days
around the cutoffs.
37 Parents with missing information about years of education are pooled with those with 12 or fewer years
of education.
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dropping out of approximately 50 percent, a reduction in 20 percent in the likelihood of
switching school and approximately 3.5 percent increase in the likelihood of following an
academic track. This evidence of a largest impact on extensive margins, rather than intensive margins such as GPA, suggest that a better school will demand more effort from
the students, who will not necessarily improve substantially their GPA or passing rates.
However, starting in better elementary school help to keep students in school, reducing the
chances of dropping out, and following an academic track. Moreover, the results on individual math scores reveal a gain of approximately 0.03s . Different from GPA or passing
grades, SIMCE scores are comparable between students attending different schools. Reducing the bandwidth to 2 days around not only confirm the previous findings but if something
the reveal is that the point estimates tend to be larger.
The analysis by parents’ education reveals that while gains in the reduction of dropout
rates come from parents with lower levels of education, gains in terms of following an
academic track are only significant among parents with more than 12 years of education.
The analysis by level of education of the parents reveal as well, that the gains in terms of a
reducing the movement between schools are almost the double among parents with lower
levels of education.
As figure 9 shows, despite the similar mean of the schools using different cutoff, we
observe a larger fraction of schools with higher score in math for the first two cutoffs. That
is, the observed reduction in the SIMCE for students in the first two cutoffs comes in part
from “elite” schools. In order words, the observed shift in the average SIMCE in the first
cutoff comes in part from top schools while the one in last cutoff those closer to the mean.
This provide us with the opportunity to check the linearity in the impact of starting a better
school. In order to do that, we split the sample between students with a birthday around
the first three cutoffs and those around the last cutoff. The results at the bottom of panel
IV, reveal that the impact of school’s SIMCE is larger for the three first cutoffs. In fact, for
students in the last cutoff, we only observe a significant effect on the probability of dropping
out and the probability of switching school. Put together the last two findings, a larger effect
among less educated families and a potential larger effect coming from the upper part of
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the school distribution, would explain why previous studies do not find a significant effect
associated to elite schools.
The comparison of OLS and IV estimates show a positive effect associated to better
quality school in both estimates. Compared to IV estimates, with the exception of the
SIMCE, OLS estimates tend to underestimate the impact associated to start in better performing school. This goes against our first intuition about the characteristics of the parents
choosing to enroll their children in better schools and the contribution of these characteristics on some of these selected outcomes. Specifically, OLS should over-estimate the impact
associated to school quality whenever high-ability parents are more likely to enroll their
children in better schools and to have high-ability children with better outcomes. A potential explanation is related to the optimal strategy in school selection and in the impact of
school quality: the school search is conditional on child ability which is probably observed
by parents but not for the researchers. Parents with a positive shock in terms of child quality
could not only send their children as soon as their age eligible but also better able students
would be less harmed when enrolled in a worse school due to a earlier enrollment. That
is, OLS downwardly bias since the sample of children who start in a school with a lower
SIMCE score, specifically at the ones who start first time eligible, are in general better able
students. Below a threshold, better able parents might even find optimal to choose a worse
school when this decision implies a gain in other dimension such as school entry.
4.4.1

College

Table 9, using the same structure than the ones for previous outcomes, presents the estimates
of being enrolled in a better elementary school. First, OLS estimates support a positive
contribution of being enrolled in a better elementary school: i) it increases the chances of
taking this national examination required to attend college, ii) it increases in approximately
0.8 points in the examination, iii) there is an increase in likelihood of being enrollment in
college, iv) there is an increase in the probability that the career of enrollment is the first
choice of the student and, v) we also observe students choosing a careers/universities with
larger cutoff.
28

Figure 9: School’s SIMCE (Math) Distribution by Cutoff
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After addressing the endogeneity of school SIMCE and age of entry, and after ruling
out weak instruments or under-identification (Panel III in table 9), we observe the usual
loss of precision with the consequence of fewer significant parameters. First, we find that
delaying school entry has only a significant negative on effect on the probability of being
enrolled in the first student’s choice. However, opposite to positive effect documented in the
literature, we observe that delaying school entry reduces the probability of being enrolled in
the student’s first choice. Secondly, for none of the specifications is observed a significant
impact associated to being enrolled in a better elementary school on the probability of taking
the PSU. This results, however, is not just a consequence of a lost of precision. The point
estimate for a bandwidth of 5 days around the cutoffs reflects an increase in the probability
of taking the PSU below a tenth of percentage point. In fact, differently to the rest of
outcomes in this group, after addressing the endogeneity of the two endogenous variables,
we observe a reduction in the point estimates. That is, in case of observing an impact on
other variables in this group, this impact is not a consequence in the sample of students
taking this examination. Putting together these last results with the observed reduction in
drop out rate, they suggest that the margin of students for whom the possibility to start in
a better school prevent them to leave the system do not see affected their chance to take
this examination. The reason for this is because the observed impact on dropout is rather
capturing a temporary interruption of secondary school (rather than leaving the system for
good) or because the margin of students go are in the margin of dropping out face additional
restrictions beyond school quality to alter their plans to attend college.
For the sample of individuals with a birthday 5 days around the cutoff, IV estimates
(IV5) reveal only significant contribution of a better elementary school on PSU score and
the probability of being accepted in the student first choice. Specifically, an increase in 5
points in the average school SIMCE would increase in approximately 6 points the average
PSU, or 1.3 percent respect to the baseline mean, and approximately 2.7 percentage point
the probability to get enrolled in the student’s first choice which correspond to a 15 percent
increase in terms of the base line mean.
The analysis by level of education as for the previous outcomes, confirm a consider30

able larger impact among parents with lower levels of education. With the exception of
the probability of taking the PSU examination, the rest of the outcome confirm a positive
contribution of being enrolled in a better elementary school. Specifically, in addition to the
previous two outcomes, students whose parents have more than12 years of education not
only see increased their chances of ever being enrolled in college but also increase their
probability to be accepted in a career/university more demanded as it is shown by the PSU
score of the last student accepted.

5

Conclusions
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Table 1: Descriptive Statistics

I

Students’ performace
Pass
Simce Math
Simce Language
Dropout
Scientific-humanistic track (HS SH)
Move school

0.939
254.624
[54.158]
258.937
[52.172]
0.141
0.585
0.167

III

School characteritics
Teacher: age
Teacher: college
First schl private
First schl voucher
Class size
Parents Educ at first grade
Schl SIMCE score at first grade

II

University Selection (Cohorts 96 & 97)
Took PSU
PSU score 1st
Ever Enrolled College
First Choice
College min PSU score

0.62
494.85
[99.292]
0.302
0.175
171.258
[263.561]

IV

Other student’s characteristics
Start school when became 6
Age of entry
Male
Number of slots municipality
Population in first grade
Ratio:sits/pop

Standard deviations between brackets. The standard deviations for proportion is not presented.
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44.195
[10.541]
0.868
0.061
0.503
31.722
[10.316]
10.371
[2.21]
257.659
[26.734]
0.654
6.144
[0.434]
0.507
4403.171
[3947.634]
2491.988
[2166.049]
1.753
[0.583]

Table 2: Differences in predetermined variables between children born before and after the
four cutoffs (April 1st , May 1st , June 1st and July 1st ). p-values reported.

Degree

Bandwidth

Male

Missing Parents
Education

Mother’s
Education

Father’s
Education

Birthday
distribution
over
calendar
year

Ratio
Municipality
Enrollment
over Births

P3

15
10
5

0.0608
0.1304
0.1235

0.1664
0.1976
0.5794

0.8430
0.8695
0.1196

0.6514
0.8028
0.6305

0.4684
0.3477
0.5482

0.0538
0.1278
0.4573

P2

15
10
5

0.2593
0.0699
0.1450

0.6201
0.4767
0.4928

0.6653
0.4047
0.9604

0.0422
0.8039
0.7097

0.3629
0.3586
0.544

0.0568
0.1262
0.5332

P1

15
10
5
2

0.6758
0.4243
0.1711
0.0698

0.5439
0.4375
0.3592
0.2709

0.1655
0.5812
0.3086
0.4750

0.2243
0.1580
0.7058
0.8387

0.0260
0.0957
0.5200
0.5443

0.0369
0.1275
0.4908
0.7947

Foreach of the variables (wi ), reported on the top of the columns, we run the regression,
wi = as + hc + fb + g s ⇤ 1{xis > 0} + g(xis ) + vit . 1{xis = BDi Cs > 0} is an indicator variable
taken a value of one for sudents whose birthday (BDi ) is over the cutoff (Cs ),
and zero otherwise. as is an specific constant for individuals around the s cutoff. hc and fb represent
municipality, and year of birth fixed effects, respectively. The null hypothesis for which the p-values
is reported is H0 : g s = 0, that is, there is not differences in the predetermined variables
between children over and below any of the cutoffs. The degree of g(xis ) is reported
in the first column while the bandwidth used, in the second one.
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Table 3: Minimum age requirements and relative capacity impact on the age of entry and the average school test at first enrollmenFirst stage
estimatest
Bandwidth/Variables
Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population
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F all instruments
F other than capacity
F capacity
Controls
sn

Degree Pol.g(xi )
Obs

2 days
Schl. Simce
Entry at 6

Schl. Simce

Entry at 6

-0.0766***
[0.0085]
-0.4030***
[0.0255]
0.0207***
[0.0068]

-0.8240
[0.5534]
0.2419
[1.1828]
3.4065***
[0.4579]

-0.0756***
[0.0086]
-0.4121***
[0.0249]
0.0298***
[0.0067]

-0.5524
[0.5078]
-0.7051
[1.0907]
2.5549***
[0.3181]

300.85
448.1
9.35

19.72
1.36
55.34

321.06
481.25
19.57
X

1

1

748,667

598,505

Entry at 6

5 days
Schl. Simce
Entry at 6

Schl. Simce

-0.0778***
[0.0047]
-0.4201***
[0.0190]
0.0187***
[0.0060]

0.1047
[0.2834]
-0.5642
[0.5968]
3.7211***
[0.4804]

-0.0763***
[0.0045]
-0.4303***
[0.0192]
0.0298***
[0.0059]

0.1113
[0.2600]
-0.7014
[0.5666]
2.7952***
[0.3251]

23.1
1.73
64.51
X

789.03
1145.22
9.76

20.9
0.46
59.99

783.37
1160.86
25.91
X

24.85
0.81
73.93
X

1

1

1

1

1

1

659,184

519,887

1,668,567

1,333,847

1,470,328

1,159,753

*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Entry6 is a dummy variable that takes a value one for children who start primary school the year they become six years of age.
Schl.Simce is the school’s average SIMCE score for the years previous a student’s first enrollment.
Specifications without covariates include just municipality fixed effects.
Specifications with additional controls include on top to municipality fixed effects, parent’s education, gender, year of birth,
and calendar year fixed effects, as well as municipality controls. Annual municipality controls include average education, income
per capita, population at municipality, poverty rate, fraction of individuals per quintil, fraction of househols and fraction of individuals
classified as low income. Finally, dummies indicating the neighbordhood around each of the specific deadlines
were included in all the specifications.

Table 4: First stage estimates: Impact of Minimum age eligibility requirements and relative capacity impacton endogenous variables on the age of
entry and the average school test at first enrollmente. Sensitivity to bandwidth selection and degree of g(xin )
Bandwidth/Variables
Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population
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F all instruments
F other than capacity
F capacity
Controls
Degree Pol.
Obs

5 days
Schl. Simce
Entry at 6

Schl. Simce

Entry at 6

-0.0752***
[0.0073]
-0.4181***
[0.0241]
0.0295***
[0.0059]

-0.3491
[0.5512]
-0.4331
[1.2005]
2.7953***
[0.3261]

-0.0918***
[0.0158]
-0.3780***
[0.0385]
0.0294***
[0.0059]

-0.9380
[0.9606]
-2.1192
[2.1946]
2.8035***
[0.3257]

282.45
423.51
25.06
X
2

25.14
0.7
73.47
X
2

91.08
124.19
24.83
X
3

1,470,328

1,159,753

1,470,328

Entry at 6

10 days
Schl. Simce
Entry at 6

Schl. Simce

-0.0770***
[0.0049]
-0.4245***
[0.0198]
0.0264***
[0.0057]

0.1399
[0.3183]
-0.4404
[0.6739]
2.7068***
[0.3234]

-0.0741***
[0.0065]
-0.4147***
[0.0236]
0.0263***
[0.0057]

-0.2377
[0.4169]
-1.0425
[0.9546]
2.7100***
[0.3236]

27.05
2.34
74.08
X
3

729.06
1093.59
21.45
X
2

23.95
0.22
70.03
X
2

352.97
528.6
21.2
X
3

24.29
1.53
70.13
X
3

1,159,753

2,837,224

2,232,339

2,837,224

2,232,339

*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Entry6 is a dummy variable that takes a value one for children who start primary school the year they become six years of age.
Schl.Simce is the school’s average SIMCE score for the years previous a student’s first enrollment.
Specifications without covariates include just municipality fixed effects.
Specifications with additional controls include on top to municipality fixed effects, parent’s education, gender, year of birth,
and calendar year fixed effects, as well as municipality controls. Annual municipality controls include average education, income
per capita, population at municipality, poverty rate, fraction of individuals per quintil, fraction of househols and fraction of individuals
classified as low income. Finally, dummies indicating the neighbordhood around each of the specific deadlines
were included in all the specifications.

Table 5: Minimum age requirements and relative capacity impact on the age of entry and the average school test at first enrollmentFirst stage
estimates. Heterogeneity by parent’s educational level.
Bandwidth/Variables
Birthday After Cutoff

Entry at 6

5 days; 12 or less yrs education
Schl. Simce
Entry at 6
Schl. Simce

5 days; more than 12 yrs education
Entry at 6
Schl. Simce
Entry at 6
Schl. Simce

-0.0735***
[0.0056]
-0.4655***
[0.0213]
0.0326***
[0.0057]

-0.2627
[0.3699]
-0.3412
[0.7031]
1.5551***
[0.3410]

-0.0820***
[0.0093]
-0.4477***
[0.0236]
0.0323***
[0.0057]

-0.2749
[0.7279]
0.1773
[1.3740]
1.5589***
[0.3421]

-0.0804***
[0.0066]
-0.3763***
[0.0213]
0.0233***
[0.0075]

0.5716
[0.4329]
-0.6839
[0.8364]
3.8345***
[0.4034]

-0.0658***
[0.0117]
-0.3720***
[0.0384]
0.0229***
[0.0075]

-0.2949
[0.7761]
-1.0289
[1.6743]
3.8362***
[0.4040]

F all instruments
F other than capacity
F capacity
Controls
Degree Pol.

598.69
876.26
32.42
X
1

7.69
0.88
20.79
X
1

239.91
348.39
31.63
X
2

7.89
0.08
20.76
X
2

403.45
604.29
9.71
X
1

30.68
0.87
90.35
X
1

91.6
136.84
9.27
X
2

30.15
0.54
90.18
X
2

Obs

836,241

644,418

836,241

644,418

634,087

515,335

634,087

515,335

Bday A. Cutoff*July 1st
Slots over population
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*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Entry6 is a dummy variable that takes a value one for children who start primary school the year they become six years of age.
Schl.Simce is the school’s average SIMCE score for the years previous a student’s first enrollment.
Specifications without covariates include just municipality fixed effects.
Specifications with additional controls include on top to municipality fixed effects, parent’s education, gender, year of birth,
and calendar year fixed effects, as well as municipality controls. Annual municipality controls include average education, income
per capita, population at municipality, poverty rate, fraction of individuals per quintil, fraction of househols and fraction of individuals
classified as low income. Finally, dummies indicating the neighbordhood around each of the specific deadlines
were included in all the specifications.

Table 6: Impact of age elegibility and slots per students when first eligible on selected
outcomesReduced form estimates. School performance

I

Pass

Simce
Math

Simce
Language

Dropout

Scientifichumanistic
track

Move
school

0.0045***
[0.0013]
0.0083***
[0.0028]
-0.0001
[0.0006]

0.0192*
[0.0115]
0.1927***
[0.0269]
0.0328***
[0.0076]

0.0150
[0.0111]
0.1943***
[0.0269]
0.0211***
[0.0071]

-0.0038
[0.0030]
0.0228***
[0.0053]
-0.0343***
[0.0031]

0.0037
[0.0074]
0.0521***
[0.0168]
0.0020
[0.0038]

-0.0063***
[0.0018]
-0.0011
[0.0039]
-0.0136***
[0.0016]

Observations

1,470,328

214,309

214,165

232,831

165,904

1,470,328

Birthday After Cutoff

0.0045**
[0.0019]
0.0150***
[0.0041]
-0.0032***
[0.0009]

0.0143
[0.0175]
0.2225***
[0.0393]
0.0194**
[0.0087]

0.0117
[0.0166]
0.2271***
[0.0378]
0.0110
[0.0083]

-0.0019
[0.0045]
0.0289***
[0.0076]
-0.0496***
[0.0050]

-0.0005
[0.0093]
0.0762***
[0.0229]
-0.0113**
[0.0057]

-0.0074***
[0.0021]
-0.0049
[0.0046]
-0.0123***
[0.0017]

836,241

102,413

102,516

142,814

89,987

836,241

0.0045***
[0.0014]
-0.0006
[0.0025]
0.0039***
[0.0007]

0.0248
[0.0160]
0.1594***
[0.0338]
0.0435***
[0.0099]

0.0195
[0.0161]
0.1561***
[0.0318]
0.0314***
[0.0106]

-0.0028
[0.0018]
0.0003
[0.0041]
-0.0001
[0.0013]

0.0081
[0.0106]
0.0252
[0.0230]
0.0157***
[0.0049]

-0.0049
[0.0031]
0.0038
[0.0056]
-0.0152***
[0.0021]

634,087

111,896

111,649

90,017

75,917

634,087

Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population

II

Bday A. Cutoff*July 1st
Slots over population
Observations
III

Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population
Observations

*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Additional controls include municipality, parent’s education, gender, year of birth, and calendar year fixed effects,
as well as municipality controls. Annual municipality controls include average education, income per capita,
population at municipality, poverty rate, fraction of individuals per quintil, fraction
of househols and fraction of individuals classified as low income. Finally, dummies indicating
the neighbordhood around each of the specific deadlines were included in all the specifications.
Panel I, II and III correspond to the complete sample, sample whose parents have 12 or
fewer years of education and children whose parents reached more than 12 years of education, respectively.
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Table 7: Impact of age elegibility and slots per students when first eligible on selected
outcomes. College selection

Took
PSU
I

Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population
Observations

II

Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population
Observations

III

Birthday After Cutoff
Bday A. Cutoff*July 1st
Slots over population
Observations

Ever
Enrolled
College
0.0186
[0.0128]
-0.0580**
[0.0287]
-0.0061
[0.0087]

First
Choice

Career
cutoff

0.0031
[0.0087]
-0.0095
[0.0242]
-0.0288***
[0.0076]

PSU
score
1st
0.6738
[2.5164]
-0.2644
[5.7827]
3.3518*
[1.7400]

0.0172
[0.0122]
-0.0691**
[0.0274]
0.0023
[0.0075]

10.3921
[7.5971]
-36.1613**
[16.4724]
-3.3477
[4.8619]

47,561

26,060

29,452

29,452

29,452

0.0012
[0.0127]
0.0093
[0.0309]
-0.0389***
[0.0104]

-0.8460
[4.0109]
5.9638
[9.1881]
6.5254**
[3.0496]

0.0157
[0.0159]
-0.0385
[0.0437]
0.0093
[0.0113]

0.0088
[0.0131]
-0.0462
[0.0341]
0.0099
[0.0091]

9.6531
[9.0915]
-25.3048
[24.9178]
6.0912
[6.4993]

28,899

11,477

13,845

13,845

13,845

0.0018
[0.0130]
-0.0389
[0.0338]
-0.0134
[0.0089]

1.8601
[3.3483]
-3.8762
[7.7216]
1.4200
[2.2959]

0.0199
[0.0186]
-0.0672*
[0.0357]
-0.0144
[0.0126]

0.0232
[0.0193]
-0.0788**
[0.0381]
-0.0000
[0.0111]

10.4211
[10.8391]
-41.7036**
[20.5618]
-8.8984
[7.1492]

18,662

14,583

15,607

15,607

15,607

*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Additional controls include municipality, parent’s education, gender, year of birth, and calendar year fixed effects,
as well as municipality controls. Annual municipality controls include average education, income per capita,
population at municipality, poverty rate, fraction of individuals per quintil, fraction
of househols and fraction of individuals classified as low income. Finally, dummies indicating
the neighbordhood around each of the specific deadlines were included in all the specifications.
Panel I, II and III correspond to the complete sample, sample whose parents have 12 or
fewer years of education and children whose parents reached more than 12 years of education, respectively.
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Table 8: Impact of enrollment in a better primary school on selected outcomes. School
performance

Pass

Simce
Math

Simce
Language

Dropout

Scientifichumanistic
track

Move
school

-0.0067***
[0.0008]
0.0006***
[0.0000]

-0.4580***
[0.0102]
0.0088***
[0.0002]

-0.4652***
[0.0106]
0.0071***
[0.0002]

-0.0167***
[0.0022]
-0.0004***
[0.0000]

0.0229***
[0.0074]
0.0033***
[0.0001]

0.0351***
[0.0012]
-0.0011***
[0.0000]

-0.0259***
[0.0047]
0.0008***
[0.0002]

-0.6847***
[0.0773]
0.0055**
[0.0027]

-0.6884***
[0.0871]
0.0010
[0.0027]

-0.0277
[0.0222]
-0.0145***
[0.0016]

-0.1190**
[0.0473]
0.0042***
[0.0008]

0.0139
[0.0091]
-0.0066***
[0.0007]

Observations

1,159,753

162,793

162,630

198,788

93,889

1,159,753

III

IV B2 (Schl SIMCE)

0.0011***
[0.0004]

0.0107**
[0.0042]

0.0041
[0.0041]

-0.0187***
[0.0031]

0.0027*
[0.0015]

-0.0072***
[0.0010]

IV

12(-)

0.0004
[0.0007]
0.0011***
[0.0002]

0.0078
[0.0066]
-0.0009
[0.0041]

0.0000
[0.0063]
-0.0027
[0.0041]

-0.0344***
[0.0081]
-0.0002
[0.0004]

0.0033
[0.0024]
0.0046***
[0.0011]

-0.0100***
[0.0022]
-0.0053***
[0.0005]

0.0019***
[0.0006]
0.0007
[0.0008]

0.0117***
[0.0039]
-0.0113
[0.0098]

0.0060*
[0.0034]
-0.0036
[0.0087]

-0.0188***
[0.0048]
-0.0177***
[0.0045]

0.0059***
[0.0014]
-0.0014
[0.0034]

-0.0083***
[0.0015]
-0.0071***
[0.0019]

0.000

0.000

0.000

I

OLS (Entry at 6)
OLS (Schl SIMCE)

II

IV B5 (Entry at 6)
IV B5 (Schl SIMCE)

12(+)
April-June’s cutoff
July’s cutoff

V
Kleibergen-Paap rk LM statistic Underidentification (p-values)
0.000
0.000
0.000
Weak identification test (a)
Cragg-Donald Wald F statistic

832.221
Kleibergen-Paap rk Wald F statistic
23.553

124.649

127.286

70.343

218.422

832.221

35.523

35.996

15.008

34.18

23.553

*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Additional controls include municipality, parent’s education, gender, year of birth, and calendar year fixed effects,
as well as municipality controls. Annual municipality controls include average education, income per capita,
population at municipality, poverty rate, fraction of individuals per quintil, fraction
of househols and fraction of individuals classified as low income. Finally, dummies indicating
the neighbordhood around each of the specific deadlines were included in all the specifications.
12(-) indicates the sample of students whose parents reached 12 or less years of education. 12(+),
the sample of children whose parents reached more than 12 years of education.
(a) Stock-Yogo weak ID test critical values for 10, 15 and 20 percent maximal IV size are 13.43, 8.18, and 6.40,
respectively.
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Table 9: Impact of enrollment in a better primary school on selected outcomes. College
selection

I

OLS (Entry at 6)
OLS (Schl SIMCE)

II

Took
PSU

PSU
score
1st

Ever
Enrolled
College

First
Choice

Career
cutoff

0.0729***
[0.0083]
0.0021***
[0.0001]

-1.4581
[2.8488]
0.8467***
[0.0327]

0.0272*
[0.0144]
0.0033***
[0.0002]

0.0101
[0.0125]
0.0017***
[0.0001]

11.6326
[8.3698]
2.0033***
[0.0924]

0.0443
[0.1030]
0.0003
[0.0029]

-5.3716
[22.3252]
1.3340**
[0.5574]

0.1018
[0.1123]
0.0035
[0.0027]

0.1747**
[0.0891]
0.0053**
[0.0022]

74.5511
[65.1372]
2.4563
[1.5447]

28,410

16,244

18,081

18,081

18,081

IV B5 (Entry at 6)
IV B5 (Schl SIMCE)
Observations

III

IV B2 (Schl SIMCE)

0.0076
[0.0079]

5.6419
[5.6489]

0.0026
[0.0261]

0.0167
[0.0256]

5.5388
[15.1523]

IV

12(-)

-0.0027
[0.0042]
0.0048
[0.0041]

1.9172**
[0.7746]
0.8254
[0.9329]

0.0079**
[0.0035]
-0.0011
[0.0046]

0.0078***
[0.0028]
0.0021
[0.0042]

4.7437**
[1.9718]
0.1198
[2.7071]

-0.0112
[0.0088]
0.0034
[0.0127]

0.3675
[1.3950]
1.5369
[1.8060]

-0.0113
[0.0084]
-0.0036
[0.0146]

-0.0069
[0.0079]
0.0078
[0.0105]

-5.9701
[4.8287]
-1.5952
[8.5647]

0.000

0.000

12(+)
April-June’s cutoff
July’s cutoff

V
Kleibergen-Paap rk LM statistic Underidentification (p-values)
0.000
0.000
0.000
Weak identification test (a)
Cragg-Donald Wald F statistic

13.156
Kleibergen-Paap rk Wald F statistic
10.642

13.677

14.685

14.685

14.685

14.358

14.387

14.387

14.387

*** p<0.01, ** p<0.05, * p<0.1. Standard errors clustered at the municipality level.
Additional controls include municipality, parent’s education, gender, year of birth,
and calendar year fixed effects, as well as municipality controls. Annual municipality
controls include average education, income per capita, population at municipality,
poverty rate, fraction of individuals per quintil, fraction of househols and fraction
of individuals classified as low income. Finally, dummies indicating the neighbordhood
around each of the specific deadlines were included in all the specifications.
12(-) indicates the sample of students whose parents reached 12 or
less years of education. 12(+), the sample of children whose parents reached
more than 12 years of education.
(a) Stock-Yogo weak ID test critical values for 10, 15 and 20 percent maximal IV size
are 13.43, 8.18, and 6.40, respectively.
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