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Abstract

This dissertation studies different topics in education policy, using precise
and comprehensive administrative data from Chile. The thesis contains

three chapters.

Chapter 1 examines the presence of systematic differences in teachers’ grad-
ing behaviour across gender and whether these can be attributed to teacher
bias. This chapter measures these differences by comparing teachers’ grades
with national exams, which are externally and anonymously marked. Con-
sistent with the literature, the gender gap in teacher grading is against
boys. Using a dataset with gender gaps at class-subject level — which al-
lows to follow teachers in different classes over time — the chapter shows
that teachers’ grading behaviour is far from being a fixed characteristic of
the teachers. Instead, grading gaps can be attributed either by teachers
rewarding differently students’ behaviour based on their gender, or by fe-
male students being more effective in transforming these behaviours into

higher school grades.

Chapter 2 explores the effectiveness of repeating the student-teacher match
on students’ test scores. The analysis uses detailed information on all
student-teacher matches across multiple subjects and multiple years, and
a national anonymous measure of student test scores which is uncontami-
nated by any teacher or school biases in grading. This chapter exploits a
plausibly exogenous source of variation in the process of matching teach-
ers to students which arises because of a discontinuity in teacher retention
at the legal retirement age, and finds that repeating the student-teacher
match has a robust positive effect on test scores which aggregates up to
the student, class, and school-level. Also, repeating the match also has a

positive effect on attendance, student behaviour and teacher expectations.
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Chapter 3 focuses on the role of family in the education of children. In par-
ticular, this chapter explores how children affect the long-term educational
outcomes of their siblings. To identify these effects, this chapter exploits
an exogenous variation in children’s school starting age caused by Chile’s
school entry cutoff date. The chapter shows that younger siblings have a
large and significant impact on older siblings scores in college admission
exams, while no spillover effect is found from older-to-younger siblings.
Finally, it discusses potential channels, emphasising the role of parental

investments and the timing of school start in explaining the results.
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Introduction

The role of human capital and knowledge on economic development has
long been the subject of attention of economists. A wide body of literature
has recognized the accumulation of human capital as the main source of
economic growth, as well as the one responsible for technological change
and improvements in productivity (e.g. Goldin and Katz, 2008; Hanushek
and Woessmann, 2008; Acemoglu and Autor, 2012). In this context, edu-
cation systems focused on the acquisition of skills and abilities are certainly
one of the cornerstones of human capital. Also, investments in education
and human capital play an important equalizing role, reducing and tackling
the sources of inequality. As such, previous studies have established the
importance of education in addressing income segregation and promoting
intergenerational mobility (e.g. OECD, 2018; Breen, 2019; Chetty et al.,
2020).

The following chapters focus their analysis on the Chilean educational sys-
tem. Chile is a middle-income country with the highest GDP per capita
after adjusting for purchasing power parity in Latin America (USD 25,067
in 2020) (World Bank, 2021). Over the past decades Chile has experienced
significant improvements in its quality of life, supported by a consistent
reduction in poverty (it fell from 68.5% in 1990 to 8.6% in 2017), macroeco-
nomic stability and structural reforms in the social sector (Schmidt-Hebbel,
2006; Ffrench-Davis, 2010; MDS, 2020). Despite these improvements, and
like most countries in Latin America, income inequality in Chile remains
high. Measured by the Gini index after taxes, income inequality in Chile
is one of the highest among the OECD countries (OECD, 2018).

In recent years, Chile’s education system has succeeded in expanding cov-

erage and improving performance, but income-related gaps in educational



attainments remain one of the main challenges. The country has increased
access to education and school enrolment across all levels of education:
primary and secondary education are almost universal and tertiary educa-
tion — although below the OECD average — has increased significantly in
the last two decades (MDS, 2017; OECD, 2017). This has been accom-
panied by improvements in student achievement in international tests, as
shown the results of the 2013 UNESCO-TERCE study (UNESCO, 2015)
and the PISA tests (OECD, 2019q). In these tests, Chile scores above the
regional average but remains at the bottom end within the OECD coun-
tries. However, inequalities are also present in the Chilean education sys-
tem. Several studies have suggested that Chile presents high levels of socio-
economic sorting across schools (e.g. Hsieh and Urquiola, 2006; Bellei et al.,
2010; Mizala and Torche, 2012). Data from PISA 2018 reflect these educa-
tional inequities by showing a stronger relationship between socio-economic
background and performance compared to other OECD countries (OECD,
20190). Educational resources are also unequally distributed across school
types (e.g. public and private-subsidised schools) and geographical location
(e.g. rural and urban schools). In particular, prior research has suggested
the existence of negative selection of teachers into socio-economically dis-
advantaged schools (e.g. Correa et al., 2015; Behrman et al., 2016). Dis-
advantaged schools also have higher teacher shortages, and are more likely
to present inadequate infrastructure or lack of sufficient teaching materi-
als (Santiago et al., 2017). Despite the efforts undertaken by successive
administrations and the ongoing reforms, the education system in Chile
faces challenges on multiple fronts, including strengthening the quality and
coverage of early childhood education, improving teacher professional de-
velopment, and improving equity in access to high-quality post-secondary
education (OECD, 2017).

Considering all the above, this research focuses on studying different top-
ics in education policy, with the aim of contributing to the public policy
debate on education. To this end, this thesis takes advantage of unique,
precise, and comprehensive administrative data in the Chilean context, in
which students, teachers and schools can be followed longitudinally. This
research benefits from these data, and presents three well-identified empir-

ical studies designed to enhance our understanding of education in devel-



oping countries as Chile. In what follows, the aims and main contributions

of the three empirical studies are summarised.

The first chapter adds to the existing literature that uses girls’ and boys’
gaps in non-blind and blind assessments to measure gender-stereotypical
behaviour. This chapter uses detailed student-level administrative data

from Chile to address two major questions.

First, it investigates whether teachers’ grading behaviour systematically
differs across gender. It shows that boys get lower grades than girls when
they are assessed by their teachers compared to their scores in the national
exams. This result is in line with previous studies in the area (e.g. Lavy,
2008; Falch and Naper, 2013; Terrier, 2020). Additionally, it documents
that the gender grading gap against boys is robust across subjects, school
type, geographical location, and school size. Finally, when examining how
the gender gap in grading changes with the age of students, it indicates
that these gaps present a clear pattern, increasing with age up to the end

of primary school and decreasing in high school.

Second, it discusses whether gender grading gaps are capturing teachers’
biased behaviour, or they are reflecting differences in students’ behaviour.
Many researchers have utilised systematic differences between non-blind
and blind assessments across groups (e.g. gender) as a measure of teach-
ers’ stereotypes (e.g. Lavy, 2008; Burgess and Greaves, 2013; Botelho et al.,
2015; Terrier, 2020). This study challenges this idea, by theoretically show-
ing that deviations between school grades (i.e. non-blind tests) and stan-
dardised tests (i.e. blind tests) might reflect not only teacher’s biases, but
also differences in how these two types of evaluations are linked to factors
related to students’ achievement, such as student effort, ability, and be-

haviour.

The hypothesis that gender gaps in grading are capturing teachers’ biased
behaviour is tested empirically by taking advantage of the fact that teach-
ers are observed in multiple classes over several years. The results show
that teachers’ grading behaviour is not persistent across classes. This sug-

gests that teachers’ grading behaviour is not a fixed characteristic of the



teacher. In turn, it documents that differences in gender grading gaps are

systematically related to the characteristics of the class.

This chapter argues that gender gaps in grading are explained by differ-
ences in students’ behaviour. Specifically, it shows that part of the gender
grading gap is due to differential effort — i.e. girls exert more effort than
boys — and part is due to girls being rewarded more for a given amount of
effort —i.e. even if boys put in the same effort as girls, they would not get

the same school grade.

The findings of this study have significant policy implications. Firstly, gen-
der gaps in grading compromise the extent to which school grades inform
about children’s skills and learning. Secondly, in Chile — as in many other
countries — school grades form part of the criteria for admission to higher
education, and therefore have an impact on the likelihood of attendance.
Given this, the evidence of gender gaps in grading encourages a discussion

on the necessity of revising schools grading procedures and policies.

The second chapter evaluates the effects of “looping” on student achieve-
ment. Looping is an instructional design in which a teacher stays with
the same group of students for two or more years. Although there is a
very strong consensus in the educational literature that looping improves
student outcomes (e.g. Nichols and Nichols, 2002; Cistone and Shneyder-
man, 2004; Tucker, 2006; Franz et al., 2010), much of the research up to
now has been descriptive. The analysis in this chapter, therefore, fills
this gap by providing a systematic assessment of the causal effect of loop-
ing on student achievement. Estimating the causal effect of repeating the
student-teacher match is challenging because: (i) student-teacher matches
are non-randomly selected, and (ii) new matches are selected from a pool

which includes teachers who are new in the school.

This chapter addresses these concerns by exploiting a unique and rich
student-teacher data for 8th graders in Chile, using two empirical ap-
proaches. First, it uses a multidimensional fixed-effects model which con-
trols for selection of students and teachers into repeat matches, however,

it does not fully mitigate the concern that school managers (or teachers)



might decide to repeat matches based on the quality of the match. Sec-
ond, and to solve this problem, this chapter uses a regression discontinuity
design based on pension eligibility rules, that changes the probability of re-
peating the student-teacher match. In particular, grade 8 students whose
grade 7 teacher reached the legal retirement age in the previous year are
far more likely to be allocated a new teacher, and hence are far less likely
to experience a repeat match. Overall, and using both empirical strategies,
the findings of this chapter indicate that repeating a match increases stu-

dent performance.

Furthermore, to inform about the effectiveness of looping as an education
policy, this chapter also studies whether the benefits of looping aggregate
up to the student, class, and school level. These levels of aggregation do
not allow the use of age discontinuities, therefore, the estimates use fixed
effects methods. The results are consistent with those at student-teacher
level: repeat matches increase the performance of students, classes, and

schools.

The chapter also explores potential channels through which looping may
improve student outcomes. Specifically, it posits that repeat matches im-
prove school climate and contribute to creating a positive learning environ-
ment. Using data from survey of teachers, the chapter shows that classes
with more student-teacher repeat matches have higher attendance, teach-
ers report better classroom behaviour and have higher expectations of their
students’ academic potential. The findings on the role of school and class-
room climate as an underlying mechanism build on an extensive educational
literature studying the effects of a positive school environment on student
outcomes (e.g. Thapa et al., 2013; Kraft et al., 2016; Klugman, 2017).

The findings from this chapter have important implications. First, the re-
sults inform about a widely used and understudied education policy. In
the case of Chile, over 50% of the students progressing from 7th grade to
8th grade have the same teacher in both grades. Second, one of the great
practical advantages of looping is that only needs a re-assignment of ex-
isting teaching resources. Then, the use of looping might bring significant

improvements in learning without incurring additional costs on schools.



The third chapter analyses the role of family networks in the development of
children’s human capital. In particular, it analyses the influence of siblings
on children’s educational outcomes. The identification of sibling spillovers
is challenging due to the well-known problems with the estimation of peer
effects, namely the reflection bias and the existence of unobserved corre-
lated effects (Manski, 1993; Blume et al., 2011).

This chapter combines detailed administrative data from Chile to examine
how children affect the long-term educational outcomes of their siblings.
To causally identify sibling spillovers, it exploits an exogenous variation
in children’s school starting age caused by Chile’s school entry cutoff date.
Effectively, it compares the performance of children whose sibling was born
just before the enrolment cutoff with those whose sibling was born just af-

ter.

This study starts by reporting the effect of own school starting age on stu-
dent achievement. The findings confirm a well-documented result in the ed-
ucational literature: children who enter school at an older age score higher
on standardised tests, have higher school grades, and are more likely to
attend college (e.g. Bedard and Dhuey, 2006; McEwan and Shapiro, 2008;
Lubotsky and Kaestner, 2016; Gallegos and Celhay, 2020). In addition,
this chapter contributes to the existing literature by showing that older

siblings are less affected by the school starting age.

The second part of the chapter investigates the existence of sibling spillovers
on college entrance exams generated by birth date cutoff rules. Previous
studies have almost exclusively focused on spillovers from older to younger
siblings (e.g. Joensen and Nielsen, 2018; Landersg et al., 2020; Altmejd
et al., 2021). By contrast, this chapter studies spillovers in both directions,
i.e. from younger-to-older siblings and from older-to-younger siblings. The
findings reveal strong positive spillovers running from younger-to-older sib-
lings. This counter-intuitive result means that older siblings benefit from
younger siblings starting school at an older age. Also, the gains accrue
only to students coming from high-income families, who are close in age to

the younger sibling and have higher school grades before their sibling make



the transition into school. Surprisingly, this advantage does not spillover

to their younger siblings.

The chapter also explores channels through which spillovers run from younger-
to-older siblings. Using survey data containing information about parental
investments, it shows that older siblings receive less attention from their
parents when their sibling starts school at a younger age. This finding
builds upon the existing studies on intra-household resource allocation and
its interaction with early life shocks on human capital (e.g. Rosenzweig and
Zhang, 2009; Del Bono et al., 2012; Yi et al., 2015).

The present study adds to the growing body of research that emphasises
the role of family networks in children’s educational trajectories. Specifi-
cally, it shows that student learning outcomes are affected by their sibling’s
educational history (e.g. school starting age). Taken together, the results
of this research support the hypothesis of joint formation of human capital
within the family, and stress the importance of take into account spillover
effects on the family, when designing, evaluating, and implementing edu-

cational interventions.



Chapter 1

Gender differences in grading:
teacher bias or student

behaviour?

1.1 Introduction

School grades are one of many tools that teachers use to provide feedback
to students about their learning. However, teachers’ evaluations conflate
student cognitive performance with non-cognitive factors, such as student
effort, engagement, and class behaviour; and therefore, may potentially
reflect teachers’ biases (Brookhart et al., 2016). In addition, previous re-
search has established the direct influence of teachers’ grading behaviour
on student motivation, self-confidence, and effort (e.g. Figlio and Lucas,
2004; Bonesrgnning, 2008; Mechtenberg, 2009; Burgess and Greaves, 2013).

In recent years there has been growing interest in whether gender-biased
perceptions affect teachers’ grading behaviour. This question has taken on
significance in the context of widely known and documented gender gaps
in student performance. Do teachers grade differently according to gen-
der? Can grading gaps be interpreted as evidence of teachers’ biases, or
do they only reflect differences in student behaviour? This chapter ad-
dresses these two questions. I proceed in two steps. First, using precise
and comprehensive student-level administrative data, I examine whether

teachers’ grading behaviour systematically differs across gender. Based on



prior studies (Blank, 1991; Goldin and Rouse, 2000; Lavy, 2008), I use a
difference-in-differences strategy to capture gender differences in teachers’
grading. In particular, I compare school grades marked by teachers and
national exams marked externally and blindly. Second, I explore whether
these differences can be attributed to “bias” on the part of teachers, or dif-
ferential behaviour on the part of children in their performance on different

tests.

This chapter connects to the literature on gender bias in teachers’ grading.!
Usually, the research methodology in this literature is based on comparing
blind and non-blind tests scores. This strategy exploits the fact that in the
blind test the student’s identity is not revealed — and therefore it is assumed
free of any teacher bias — while in the non-blind test, the student’s identity
is known. Then, provided that both tests measure the same abilities, the
blind score can be conceived as a counterfactual measure to the non-blind
score, and so the difference between the two test scores corresponds to a
measure of the teacher’s bias.? Contrary to the general belief that teach-
ers may be biased against female students (Tiedemann, 2000; Ceci et al.,
2014), most of the studies have found that the gender gap is against male
students. Teachers’ pro-female bias has been documented in several coun-
tries and educational contexts, including Czech Republic (Protivinsky and
Miinich, 2018), France (Terrier, 2020), Israel (Lavy, 2008; Lavy and Sand,

!There is also a related and burgeoning literature that investigates the consequences
of gender bias in teachers’ grading on long-term educational outcomes (Lavy and Sand,
2018; Lavy and Megalokonomou, 2019; Terrier, 2020). Lavy and Sand (2018) study the
short and long-term effects of being exposed to biased teachers at primary school in
Israel. They find that being assigned a teacher who over-assess girls (boys) in primary
school in a particular subject has a positive impact on girls’ (boys’) future academic
achievements in that subject in both middle and high school test scores. Also, a bias in
favour of girls (boys) in math has a positive effect on girls’ (boys’) enrolment in math
advanced studies in high school. Similarly, Terrier (2020), using a dataset of 35 middle
schools in France verifies that having been exposed to a teacher who is biased against
boys in 6th grade has a negative effect on boys’ progress relative to girls between the
beginning of 7th and the end of 9th grade. Finally, Lavy and Megalokonomou (2019)
using panel data on teachers and students from 21 high schools in Greece, show that
there is a negative relationship between teacher’s valued added — which is a proxy of
teacher’s quality — and teachers’ pro-female or pro-male bias.

2The differences between blind and non-blind assessments have been extensively used
by discrimination literature, see for example Goldin and Rouse (2000) and Blank (1991).
This strategy has been exploited to explore differences in teachers’ assessments across
ethnic groups (Burgess and Greaves, 2013) and racial groups (Botelho et al., 2015).



2018), Italy (Casula and Liberto, 2017), Norway (Falch and Naper, 2013)
and United States (Cornwell et al., 2013).3

What might explain this observed gender bias? The literature has iden-
tified a number of explanations for the bias against boys. First, it may
be driven by teachers practising statistical discrimination (Phelps, 1972;
Arrow, 1973). Under this theory, teachers might use observable character-
istics to proxy for unobservable ability. In this respect, Lavy (2008) using
data from public high schools’ teachers in Israel, argues that if teachers are
influenced by the expected performance of the group, teachers should give
higher marks to the sex which performs better in that school. However,
he finds that regardless of the relative performance of boys and girls in a

school, the bias is always against boys.

Second, previous research emphasises the role of teachers, exploring the re-
lationship between gender bias and teachers’ characteristics.* Lavy (2008)
shows that the relationship between teacher characteristics (e.g. gender,
age, experience, and number of children) and the gender bias varies from
subject to subject.” In another example, Falch and Naper (2013) find that
a higher proportion of female teachers at the school implies lower grades
for female students in Norwegian language, whereas there is no effect in
math and English. In a recent study, Lavy and Megalokonomou (2019),
using panel data on teachers and students from 21 high schools in Greece,

show that the teachers’ biased behaviour is highly persistent across classes.

Third, several studies have shown that women are less effective compared

to men in competitive environments (e.g. Gneezy et al., 2003; Gneezy and

3 An exception is Hinnerich et al. (2011). They detect no evidence of grading bias by
gender in the case of Sweden. However, they only test the difference between blind and
non-blind test scores for one subject (Swedish). See Protivinsky and Miinich (2018) for
a fuller overview of the literature on gender grading gap.

4Previous research has established the role of student-teacher interactions on different
educational outcomes. In particular, they can have an important influence on gender
differences (Sadker and Sadker, 1994; Dee, 2005). For example, research has highlighted
that girls may benefit from being assigned to female teachers (Bettinger and Long, 2005;
Hoffmann and Oreopoulos, 2009).

SFor example, in math, only male teachers exhibit a bias against boys, whereas no
gender difference in grading is observed in the case of female teachers. In English, the
effect is reversed.
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Rustichini, 2004; Niederle and Vesterlund, 2007; Shurchkov, 2012; Azmat
et al., 2016). Consequently, boys may overperform in high-stakes test com-
pared to girls, since it is a more competitive environment. Then, if the blind
test is a high-stakes test, this behaviour may explain the bias in favour of
girls. However, the basic finding that the bias is against boys does not vary

with different levels of competitiveness (Falch and Naper, 2013; Casula and
Liberto, 2017; Terrier, 2020).

Finally, it is conceivable that differences in students’ behaviour explain the
difference in teachers’ evaluations. In particular, teachers — consciously or
unconsciously — might reward positive behaviour by giving higher marks.
Cornwell et al. (2013) using data on teachers’ perception about classroom
behaviour at student level show that when student behaviour is taken into
account no gender bias against boys is found. One major drawback of this
approach is that the measure of non-cognitive skills relies on the teacher’s

perception about the student’ behaviour, which may also be biased.®

Together, the reason for teachers’ grading bias in favour of female students
remains unexplained. It does not appear to be the result of discrimination.
The evidence on teacher characteristics is far from conclusive. There is no
evidence that it results from anonymised tests taking place in a more com-
petitive environment. Finally, the evidence that it results from students’

behaviour relies on teachers’” — possibly biased — perceptions.

In this chapter, I provide new and more definitive evidence on the extent
and causes of grading gaps between non-anonymised and anonymised cen-
tral test scores. As previous studies, I exploit the fact that the national test
is anonymously marked, and therefore is a blind test; whereas the school
grades are marked by the teacher who knows the identity of the student,
and therefore it can be considered as a non-blind test. I show that devi-

ations between school grades and standardise tests might reflect not only

6In other words, if a teacher dislikes students — because of their gender — she will
perceive them to have a “bad behaviour”‘ and will also give them low grades. If so,
controlling for teacher’s perception will be capturing the bias and the grading effect
will disappear. In addition, as mentioned by Protivinsky and Miinich (2018), their
evidence is based on younger children, and therefore does not explore the role of students’
behaviour in teachers’ grading at older ages.
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teacher’s biases, but also differences in how these two types of evaluations
are linked to factors related to students’ achievement, such as student ef-
fort, ability, and behaviour. I use an administrative student-level dataset
on school grades and national test scores in Chile for the period 2011-
2018. This information is available for two subjects: Spanish language
and math. One particular feature of the data is that I have information
about these two types of assessments at four different times — 4th grade
(students aged 9-10), 6th grade (students aged 11-12), 8th grade (students
aged 13-14), and 10th grade (students aged 15-16) — which I show has a
consistent and strong effect on the gap between blind and non-blind test
scores. Additionally, using teachers’ administrative records I am able to
match students and their subject-teachers, as well as their characteristics,

including gender, teaching experience, and working conditions.

I start by documenting the existence of gender differences in grading be-
haviour. Consistent with the literature, I find that boys get lower grades
than girls when they are assessed by their teachers compared to their scores
in the national exams, in both Spanish and math. This suggests that there
is a grading gap, and this runs against boys. The grading gap against boys
remains unchanged by school type, rural /urban schools, school size and ge-
ographical location. In addition, I provide evidence that this grading gap
holds for all the grades examined. Moreover, it presents a clear pattern,
increasing from 4th grade to 8th grade, before falling to the transition to
10th grade.

In addition, I construct a classroom-subject dataset to quantify how much
of the variation in the grading gap by gender can be attributed to schools,
teachers, and classes, controlling for observed characteristics of the teach-
ers. This dataset allows to compute teachers’ grading behaviour in different
classrooms, with different groups of students during the period of study. In
contrast to Lavy and Megalokonomou (2019), I show that teachers’ grad-
ing behaviour is far from being a fixed characteristic of the teacher. In
turn, it seems to be governed by the characteristics of the class and, more

specifically, by the characteristics of the students.
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Finally, by exploiting rich survey information, I provide evidence on the
mechanisms that help to understand the grading gap against boys. Build-
ing from previous results and the characteristics of the tests, it is possible
to rule out three of the potential mechanisms identified by the literature,
namely, statistical discrimination hypothesis, teachers’ characteristics and
competitive environment. Consequently, I focus on the role of student be-
haviour at school in explaining the pro-female grading gap. To accomplish
this, I include proxy variables for school effort — using administrative data of
school attendance and grade retention — and students’ attitudes to learning
— using students’ surveys. This alleviates the concern that these variables
could pick up teachers’ biased perceptions. Interestingly, when these vari-
ables are included, the grading gap against boys vanishes. In particular,
female students experience higher (more positive) returns to behavioural
variables than male students. This could be the case either by effort inputs
being more valuable for girls than boys or by teachers’ biased behaviour in

rewarding that effort.

Overall, this chapter contributes to the existing literature in several ways.
First, it contributes with new evidence of a grading gap against boys, in
a middle-income country as Chile. To the best of my knowledge, it is
the first evidence that the grading gap in favour of girls also applies in
a middle-income country with relatively low-performing schools. Second,
whereas most studies analyse the gender gaps in grading using limited data
samples, this chapter uses student-level administrative data.” Using ad-
ministrative data not only improves the precision of the estimates, but also
allows to link students to teachers and schools. Third, this is the first study
to evaluate whether the grading gap varies systematically with the age of
the children, showing that the pro-female grading gap is present through-
out all the school years, with a clear pattern increasing with age up to 8th
grade and decreasing in the transition to 10th grade. Fourth, this study
provides a more comprehensive understanding of sources of variation of the
gaps in grading. In contrast to some earlier studies, it is concluded that
teachers’ grading behaviour is not persistent across classes nor is it inde-

pendent of the classroom environment. Fifth, the findings of this research

"There are only two exceptions, Falch and Naper (2013) and Casula and Liberto
(2017).

13



provide insights into the explanations behind teachers’ grading behaviour.
In particular, add to the literature by emphasising the role of the students’

behaviour in shaping gender differences in teachers’ grading.

The remainder of the chapter proceeds as follow. Section 1.2 gives a brief
description of the institutional setting and the data. Section 1.3 presents
a theoretical motivation of the gender differences in grading. Section 1.4
explains the econometric framework and tests the existence of these differ-
ences. Section 1.5 quantifies and identifies the sources of variation of the
gender differences in grading. Section 1.6 analyses the possible mechanisms
behind the previous estimates. Finally, Section 1.7 offers a summary of the

main findings and discusses their implications.

1.2 Institutional setting and data

1.2.1 The Chilean school system

The school system in Chile is organised in three levels: pre-primary ed-
ucation (up to 5 years old); primary education (6 to 13 years old); and
secondary education (14 to 17 years old). Primary education consists of
eight grades and is divided into two cycles: the first cycle — years 1 to 4
— and the second cycle — comprising years 5 to 8. Secondary education
consists of four grades (years 9 to 12) and is structured in two cycles. The
first two years offer general education, while the last two years involve
a choice between academic studies and technical-professional/vocational
studies. For primary and secondary education there are three types of
school providers: (1) municipal or public schools, which are administered
by the municipalities, and are financed through a per-student subsidy from
central government; (2) private subsidized or voucher schools, which are
administered by for-profit or non-profit private organizations, and receive
a per-student subsidy as well as municipal schools. In addition, they can be
financed through co-payment and unlike the public schools they can select
their students; (3) private schools, which are run by private organizations

(whether or not for profit) and receive no public funding.®

8For a detailed description of the Chilean school system, see Santiago et al. (2017).
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1.2.2 School grading system and SIMCE test

The non-blind test score is based on school grades. The academic quali-
fication in Chile uses a rating scale of 7 points with an increment of 0.1,
1 being the lowest and 7 the highest. Teachers set the final grade based
on tests taken during the academic year between March and December.
The evaluation standards and methods are decided autonomously by each
school and/or teacher. School grades are relevant to be promoted to the
next year.” In particular, high school grades are part of the eligibility cri-

teria for admission to higher education.

On the other hand, the anonymised test score — which is not affected by
teacher bias — is the Sistema de Medicion de la Calidad de la Educacion
(SIMCE) test. This test corresponds to a standardised test administered
by the Ministry of Education to all students in some particular grades, and
it is the main instrument to measure the quality of education in Chile.
The SIMCE test has no direct consequences for individual students’ fu-
ture prospects, therefore it is a low-stakes test. The test is administrated
by external examiners and provides information about students’ perfor-
mance relative to the country’s National Curriculum Framework. The test
measures the areas of language (Spanish) and mathematics, and for some

cohorts also measures the areas of natural sciences and social sciences.'?

The SIMCE test is designed based on the measurement model of Item Re-
sponse Theory (IRT), which is extensively used to assess student learning
in most international large-scale standardised tests, such as PISA, TIMSS

and PIRLS. Scores are scaled so that the national mean in each year is 250

9The minimum passing grade is 4.0 on average. There are other causes of repeating
the year, the most prevalent is scoring below 4.0, on two or more subjects. Students who
have two subjects below 4.0 can be promoted to the next year, as long as their average
across all subjects is greater or equal to 5.0. Students in 1st and 2nd year in primary
school are automatically promoted to the next year, as long as they meet a minimum
attendance rate of 85%.

OTnitially, students took the SIMCE test in 4th, 8th and 10th grade, although the test
has expanded over the years so that students take it more frequently. Since 2012 tests
also cover 2nd (only in Spanish) and 6th grade. However, in 2016 a reform was carried
out in the schedule of the SIMCE test, which resulted in a reduction in the number of
census-based assessments. As of 2016, the SIMCE test will be held each year for 4th
and 10th grade students, while every second year, in alternate years, 6th and 8th grade
students will be evaluated.
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points, with a standard deviation of 50 points. The SIMCE test consists
of both closed-ended question (multiple choice) and open-ended questions.
Both types have a completely different marking process. Regarding the
first type, the questions are captured and then digitised. The people who
execute these tasks have access to the information contained in the an-
swers sheet, such as the name of the school, the name of the student and
the marks of the answers. However, they do not know what the correct
answers are. The correction of open questions is carried out by means of a
software that shows the corrector an image of the answer written by a stu-
dent that is not individualised, thus it protects the personal and sensitive
data of the students (including student’s gender). For all practical pur-
poses therefore, the SIMCE test is an anonymous and unbiased evaluation.
National test results are public at national level (including regions and mu-
nicipalities or districts) as well as at school level. The SIMCE test scores at
individual or class levels are only available for researchers. Children, par-
ents, teachers, and school directors do not have access to this information.
Students take the SIMCE test before they know their final grades in school.
Specifically, students take the SIMCE test in October/November, whereas

students know their school grade usually at the end of the academic year.

1.2.3 Data

To study the gender differences in grading, I use data from students’
achievements in the SIMCE test, as well as data from teachers’ assess-
ments, in the subjects of Spanish and math. The data contain unique
school and class identifiers. In Chilean schools, a class is a group of stu-
dents that take all the subjects together with exactly the same teachers,
in a specific year and grade. This information allows me to aggregate the

data to the class and school level.

The data on school grades are only available for a few years (2011-2018),
whereas the SIMCE test is taken every year but has a specific grade sched-
ule determined by the Ministry of Education. Therefore, the match between
school grades and SIMCE test scores is feasible for 25 year-grade combi-
nations (see Table 1.1). The school grading scale is from 1 to 7, while the
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SIMCE test has a mean of 250 and a standard deviation of 50. Therefore,
to make the tests comparable, school grades and SIMCE test scores are

standardised to a distribution with zero mean and unit variance.

As I am interested in comparing male and female students within a class,

the sample is restricted to mixed schools, so single-sex schools are dropped.!?

TABLE 1.1. Data available for both school grades and SIMCE test scores

Year/Grade 4th grade 6th grade 8th grade 10th grade

2011 Yes - Yes -

2012 Yes - - Yes
2013 Yes Yes Yes Yes
2014 Yes Yes Yes Yes
2015 Yes Yes Yes Yes
2016 Yes Yes - Yes
2017 Yes - Yes Yes
2018 Yes Yes - Yes

I link the data on school grades and SIMCE test scores, to three datasets
provided by the Ministry of Education. First, I use complete enrolment
records of all students in Chile from 2008 onwards. These records include
information on school characteristics (e.g. school type and total enrol-
ment), individual school attendance, ethnicity, nationality, and whether
the student passed or failed that school year. Second, I use SIMCE Com-
plementary Survey, which are answered by students and parents. The first
questionnaire registers students’ beliefs and attitudes about studying and
learning. From parents’ surveys, it is possible to obtain information about
students’ socio-economic background, such as mother’s and father’s educa-
tion and income (hundred thousand CLP). I complement this information
with the SIMCE test scores in 4th grade. Finally, as a third source of
information, I use data from teachers’ administrative records to identify
teachers of Spanish and math. This dataset also contains information on

teacher gender, teaching experience and working conditions. More impor-

1 Single-sex schools are not common in Chile. Between 2011 and 2018, about 98% of
the schools in Chile were mixed schools.
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tantly, this dataset allows to match students and their teachers in each

subject, and to follow teachers over time, across classes and grades.

I restrict the analysis to students with valid school grades and SIMCE
test scores in both subjects, and a complete set of information on char-
acteristics. As a result, the sample comprised 2,821,911 students, 40,044
teachers, 111,074 classes and 5,126 schools. Table 1.2 presents summary
statistics. Panel (a) reports information at the student level. For each stu-
dent, I observe sex, family background, indicators of ethnicity and foreign
student, SIMCE test scores in grade 4, school attendance and grade reten-
tion. School attendance corresponds to the average attendance over the
previous three years, whereas grade retention is an indicator variable that
takes value of 1 if the student failed in at least one of the previous three
school years. Panel (b) shows information at the teacher level, including
sex, average years of experience, and working conditions. Information at
class level is shown in Panel (c¢), which includes class size, average number
of boys and average number of girls. Panel (d) presents information at
school level, such as average enrolment over 2011-2018, school type (i.e.
public, voucher or private), urban schools, geographical location, and num-

ber of classes within the school.'?

1.3 Measuring teacher bias in theory and

practice

For each student ¢, it is observed a school grade GG; and a SIMCE test score
T;. The key difference between these two assessments is the nature of the
scoring process. On the one hand, the school exams are marked by the
teacher, who observes the identity of the students, including their gender.
Then, school exams can be considered as a non-blind evaluation (N B). On
the other hand, the SIMCE test is anonymously graded by external exam-

iners, and consequently, it is a blind evaluation (B).

12Chile is administratively divided into 15 regions, including the Santiago Metropoli-
tan Region where the national capital Santiago is located.
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TABLE 1.2. Descriptive statistics

(a) Student level
1=Female
Father’s education
Mother’s education
Household income
1=Ethnic group
1=Foreign student
4th grade score
School attendance
1=Grade retention

Observations

(b) Teacher level
1=Female
Experience
1=Permanent contract
Working hours

Observations

(¢) Class level
Class size
Number of boys
Number of girls

Observations

(d) School level
Enrolment
1=Public
1=Voucher
1=Private
1=Urban
1=Metropolitan
Number of classes

Observations

All students 4th grade 6th grade
Mean  SD Mean SD Mean  SD
0.50 (0.50) 0.50 (0.50) 0.49 (0.50)
1211 (3.67) 12.40  (3.58) 12.20  (3.62)
12.21  (3.49) 12.54  (3.39) 12.32  (3.44)
6.14 (5.76) 6.65 (5.98) 6.33 (5.79)
0.05 (0.22) 0.05 (0.21) 0.05 (0.22)
0.004  (0.06) 0.004  (0.06) 0.006  (0.08)
0.31 (1.01) 0.33 (0.99)
93.31  (4.87) 92.82  (5.07) 93.38  (4.75)
0.07 (0.25) 0.05 (0.23) 0.06 (0.24)
2,821,911 931,129 577,761
0.76 (0.43) 0.87 (0.34) 0.77 (0.42)
13.37 (11.58) 13.71 (11.18) 13.25 (11.79)
0.57 (0.45) 0.63 (0.45) 0.55 (0.47)
3744  (5.74) 3745  (5.16) 3746  (6.04)
40,044 16,906 16,595
25.41  (6.68) 26.37  (6.96) 25.22  (6.68)
1278 (4.37) 1331 (426) 1276  (4.11)
12.63  (4.73) 13.06  (4.57) 12.46  (4.50)
111,074 35,305 22,908
562.23 (400.82) 576.27 (410.00) 587.44 (413.34
0.45 (0.50) 0.41 (0.49) 0.41 (0.49)
0.49 (0.50) 0.53 (0.50) 0.53 (0.50)
0.06 (0.23) 0.07 (0.25) 0.06 (0.24)
0.89 (0.31) 0.90 (0.30) 0.90 (0.30)
0.34 (0.47) 0.36 (0.48) 0.35 (0.48)
21.67  (18.67)  8.48 (6.41) 5.74 (4.11)
5,126 4,161 3,994
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TABLE 1.2. Descriptive statistics (continued)

8th grade 10th grade
Mean SD Mean SD

(a) Student level
1=Female 050  (0.50) 050  (0.50)
Father’s education 11.89  (3.73) 11.84  (3.74)
Mother’s education 11.97  (3.54) 11.90  (3.56)
Household income 5.78 (5.56) 5.62 (5.52)
1=FEthnic group 0.05 (0.22) 0.05 (0.23)
1=Foreign student 0.004  (0.06) 0.003  (0.05)
4th grade score 0.27 (1.03) 0.32 (1.02)
School attendance 93.67  (4.64) 93.59  (4.84)
1=Grade retention 0.07 (0.25) 0.10 (0.30)
Observations 587,549 725,472

(b) Teacher level
1=Female 0.70 (0.46) 0.63 (0.48)
Experience 12.68  (11.66) 11.84  (10.95)
1=Permanent contract 0.53 (0.47) 0.51 (0.46)
Working hours 37.36  (6.43)  37.82  (6.81)
Observations 17,356 12,825

(c¢) Class level
Class size 24.84  (6.49) 24.84  (6.36)
Number of boys 12.52  (4.02) 12.36  (4.87)
Number of girls 12.32  (4.50) 12.48  (5.23)
Observations 23,656 29,205

(d) School level
Enrolment 504.34  (415.05) 749.39 (464.62)
1=Public 044  (0.50) 029  (0.46)
1=Voucher 0.50 (0.50) 0.60 (0.49)
1=Private 006  (0.24) 010  (0.30)
1=Urban 0.90 (0.30) 0.95 (0.23)
1=Metropolitan 034 (047) 035  (0.48)
Number of classes 5.77 (4.11) 12.07  (10.85)
Observations 4,101 2,420

Notes: This table displays the means and standard deviations (SD)
of the main variables used in this study. Sample comprises students
in the year-grade combinations in which data of school grades and
SIMCE test scores are available (see Table 1.1).
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Hence, a true measure of teacher bias would be a comparison between
school grades and SIMCE test scores under the two marking schemes, that
is to say, G;(NB) — G;(B) and T;(N B) — T;(B). However, it is not possible
to observe G;(B) or T;(N B). An alternative is to use T;(B) and consider —
as a measure of bias — the difference between school grades and the SIMCE
test scores: G;(NB)—T;(B) (henceforth referred to as G; —T;). Therefore,
the reliability of this measure of bias depends on the extent to which the
SIMCE test score is a counterfactual for the score that the student would
have received in the school if the school grade was blind. Suppose that

school grades G; are determined by the following function:

The specification captures the idea that the school grade is a function of
the student ability a;, the student effort e, a teacher-level component b;;
(which may vary by student), and a random component u{’. The teacher-
level component is a measure of how easy it is for student ¢ to obtain a

grade by a given teacher j.

On the other hand, the standardised test score Tj;, is also a function of

T
79

student ability a; and student effort in the test e; , and a different (inde-
pendent) random component u!; but does not depend on b;; (since it is
not marked by the teacher):

T, = tai,ef ) +uf (1.2)
Thus, the average difference between the school grades and the SIMCE

test scores would capture the teacher-level component b;;, as well as the

(7R
difference between the two functions g(-) and #(-):'3

E[G; — T;) = Elg(a;,e$) — t(as, el )] + E[by] (1.3)

The measure of gender gap in grading would be given by the comparison

131t is important to note that Equation 1.3 does not account for other factors that
might affect ¢g(-) and ¢(-), such as teacher quality, parental motivation or teachers’ ex-
pectations. These factors will not affect the gap between the tests as long as they affect
test scores equally for g(-) and #(-).
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of this difference for girls and boys, i.e. E[G; — T;|girl] — E[G; — T;|boy]:

- E[g(ai7 6@G) - t<ai’ eiT>|gir1] - E[9<ai7 60) - t(ai7 eiT)|bOY]

%
>

Vv
Differences in production functions

~
Gender bias in grading

Equation 1.4 would be a reliable counterfactual measure of gender bias in
grading only if ¢g(-) = t(-). More generally, it captures not only about dif-
ferences in teacher behaviour captured by the term E[b;;|girl] — E[b;;|boy],
but also about differences in g(-) — (-) between girls and boys. For in-
stance, school grades might measure different types of skills compared to
the SIMCE test scores. This could be the case if school grades are based on
homework, while the SIMCE test is a single test, and student performance
in homework differs by gender. However, even if both functions are equal,
there might be differences in the production inputs. For example, a student
might try harder at the school vis-a-vis the SIMCE test, because it comes
with praise from the teacher, or a student might try less hard because effort
to achieve school grades is more costly than effort to achieve the SIMCE

test score.

The teacher-level component b;; might be a function of the students’ be-
haviour b;;(X;). For instance, teachers’ grading behaviour might be a reac-
tion to student engagement in the classroom. Then, student engagement
in the classroom has two effects: firstly, it increases both the school grades
and the SIMCE test score, even though the size of the effect might be
different for each evaluation; and secondly, it might cause the teacher to
increase their school grades, as a response to this behaviour. But, in order
to observe a gender bias in grading, teachers should weight differently the
student engagement depending on the gender of the student. Otherwise,

there will be a bias, but it will be the same for girls and boys.

The framework described in this section helps understand the potential
explanations identified in the literature behind the gender gap in grading.
For instance, teachers’ taste-based discrimination will be captured by the

gender bias in grading: E[b;;|girl] — E[b;;|boy]. In this case, teachers have
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preferences for students of a particular gender, and express their preferences
through grading. The statistical discrimination hypothesis could also be
analysed by extending the model, allowing b;; to be a function of the teach-
ers’ beliefs about the average performance of the student gender and the
actual result on the school exam. As discussed earlier, teachers’ grading be-
haviour might also be explained by their characteristics. In this case, the
teacher-level component will be a function of the teacher characteristics
b;;(Z;). In addition, it is possible to include student-teacher interactions
b;; (X, Z;) to allow the presence of in-group bias, that is, teachers discrim-
inate in favour of their own group. On the other hand, gender differences
in attitudes towards competition might impact student effort allocation

G

across the tests (e}

& and el), which in turn, will affect their performance

on each test. Similarly, gender differences in behavioural problems could
be captured by the effort component, which affect both school grades and
SIMCE test scores.

Altogether, this framework is able to account for all the potential explana-
tions discussed in the literature. The next section presents the empirical
methods and the estimation results, using Equation 1.4 as a definition of

gender gap in grading.

1.4 The gender gap in teacher grading

As an initial approximation to the problem, Tables 1.3 and 1.4 show the re-
sults obtained from a mean-difference test of school grades (non-blind test)
and SIMCE test scores (blind test) by gender, in Spanish and math, re-
spectively. This comparison is quite revealing in several ways. First, there
is a gender gap in both school grades and SIMCE test scores. In school
grades, girls outscore boys in both subjects, but the difference is larger in
Spanish than math. On the other hand, in the SIMCE test girls outper-
form boys in Spanish, while boys outperform girls in math. Furthermore,
in absolute terms and for both tests, the gender gap is larger in Spanish
and tends to increase as children get older. Second, Column 3 reports
the difference between non-blind and blind scores. Therefore, girls tend to

receive higher school grades compared to their SIMCE test score in both
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Spanish and math, while the reverse is true for boys. Third, the last ele-
ment of the Column 3 presents the difference-in-difference estimator, which
corresponds to the difference between the non-blind and blind scores for
girls minus the same difference for boys. Thus, a positive number indicates
that the gender gap is in favour of girls; a negative number indicates that
the gender gap is in favour of boys. The standard difference-in-differences
estimation (DD) ranges between 0.08-0.18 standard deviations in Spanish
and 0.08-0.22 standard deviations in math, respectively. The DD estimate
increases between 4th grade and 8th grade, and then falls in 10th grade.

The DD estimate can also be expressed in terms of the following standard

double-differences equation:
Gi-Ti=P+7E+G (1.5)

where G; and T; are the school grade (non-blind test) and the SIMCE test
score (blind test) for student i, respectively; and F; is a female dummy.
The constant [ is informative of teachers toughness, also called grading
inflation. The parameter v measures the gender differences in scores gap
- expressed in standard deviations - between male students and female
students. Thus, a positive (negative) value for v can be interpreted as
evidence of a grading gap against boys (girls). From Equation 1.5, it is
not possible to observe the part of the gender gap that does not depend on
the type of test. To address this concern, Lavy (2008) proposes to run the

following regression:

where Y, is the score for student 7 under the scheme s, which can be blind
(B) or non-blind (NB); F; is a dummy for female student; and N B is
equal to one if the test is non-blind and zero otherwise. So, an additional
coefficient is displayed. The parameter a that represents the gender gap
in the blind test and constitutes the gender gap that is common for both

types of tests.!

14Because the balanced panel nature of the data — where every student has two
observations s = {B, NB} — this model is identical to estimating Equation 1.6 with
student fixed effects. Consequently, the estimation of the parameter v will not be
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TABLE 1.3. Gender test score gap, by evaluation scheme: Spanish

School grades SIMCE test Difference

(non-blind) (blind)
(1) (2) (3)

Female 0.136 0.094 0.042

(0.001) (0.001) (0.001)

4th grade  Male -0.134 -0.092 -0.041
(0.001) (0.001) (0.001)

Differences 0.270 0.186 0.083

(0.002) (0.002) (0.002)

Female 0.187 0.106 0.081

(0.002) (0.002) (0.002)

6th grade  Male -0.183 -0.103 -0.079
(0.002) (0.002) (0.002)

Differences 0.370 0.209 0.161

(0.003) (0.003) (0.002)

Female 0.194 0.106 0.088

(0.002) (0.002) (0.002)

8th grade  Male -0.191 -0.104 -0.087
(0.002) (0.002) (0.002)

Differences 0.385 0.209 0.175

(0.003) (0.003) (0.003)

Female 0.197 0.138 0.059

(0.002) (0.002) (0.002)

10th grade Male -0.199 -0.139 -0.060
(0.002) (0.002) (0.002)

Differences 0.396 0.278 0.118

(0.002) (0.002) (0.002)

Notes: Standard errors are reported in parentheses.

The results of Equation 1.6 are shown in Table 1.5. The gender gap com-
mon to both tests («) is positive in Spanish, and ranges between 0.19-0.28
standard deviations. On the contrary, in math, the gender gap is negative
and ranges between 0.07-0.14 standard deviations. On the other hand, and
for both subjects, the teacher grading effect § is negative. This suggest
that teachers tend to give lower grades compared to the SIMCE test. Fi-

affected by the inclusion of students’ characteristics and/or class fixed effects. It
will also have no impact on the grading inflation coefficient 5. Put differently, the
regression model assumes homogeneous effect of students’ characteristics on both,
blind and non-blind test scores. However, through the inclusion of additional vari-
ables and their interaction with the non-blind dummy, the regression model allows
for different effects of these variables on blind (SIMCE test) and non-blind (school
grades) test scores. Finally, Equation 1.6 is mathematically equivalent to Equation 1.5:
Gi —T;=Ying — Yip = B+ 7F; + (uinp — wip) = B+ vFi + G-
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TABLE 1.4. Gender test score gap, by evaluation scheme: Math

School grades SIMCE test Difference

(non-blind) (blind)
(1) (2) (3)

Female 0.008 -0.034 0.042

(0.001) (0.001) (0.001)

4th grade  Male -0.008 0.033 -0.041
(0.001) (0.001) (0.001)

Differences 0.016 -0.068 0.084

(0.002) (0.002) (0.002)

Female 0.068 -0.033 0.101

(0.002) (0.002) (0.002)

6th grade  Male -0.067 0.032 -0.099
(0.002) (0.002) (0.002)

Differences 0.135 -0.065 0.200

(0.003) (0.003) (0.002)

Female 0.041 -0.071 0.112

(0.002) (0.002) (0.002)

8th grade  Male -0.040 0.070 -0.110
(0.002) (0.002) (0.002)

Differences 0.081 -0.141 0.222

(0.003) (0.003) (0.003)

Female 0.032 -0.045 0.077

(0.002) (0.002) (0.002)

10th grade Male -0.032 0.046 -0.078
(0.002) (0.002) (0.002)

Differences 0.064 -0.091 0.155

(0.002) (0.002) (0.002)

Notes: Standard errors are reported in parentheses.

nally, and in line with the results in Tables 1.3 and 1.4, v is positive in

Spanish and math, meaning that the grading gap is against boys.!?

An important concern about the grading differences shown above, is that
they may be affected by other characteristics of the students. To address
this issue, Lavy (2008) proposes estimate the Equation 1.6 augmented by

the interaction between the non-blind test and these characteristics:

15Tn Appendix A.2 I estimate Equation 1.6 separately for low and high ability students,
using 4th grade SIMCE test scores as a measure of ability. I show that the gender grading
gap is positive (runs against boys) for low and high ability students.
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TABLE 1.5. Estimation of gender gap in grading

4th grade 6th grade 8th grade 10th grade

(1) (2) (3) (4)
(a) Subject: Spanish
Female 0.186*** 0.209*** 0.209*** 0.278***
(0.003)  (0.003)  (0.003) (0.006)
Non-blind -0.041***  -0.079***  -0.087*** -0.060***

(0.008)  (0.009)  (0.010) (0.014)

Non-blind x Female — 0.083***  0.161***  0.175**  0.118***
(0.002)  (0.003)  (0.004) (0.007)

R-squared 0.013 0.023 0.024 0.029
Observations 1,862,258 1,155,522 1,175,098 1,450,944
(b) Subject: Math
Female -0.068***  -0.065***  -0.141***  -0.091***
(0.003) (0.003) (0.004) (0.008)
Non-blind -0.041***  -0.099***  -0.110***  -0.078***

(0.009)  (0.010)  (0.012) (0.015)

Non-blind x Female — 0.084***  0.200°*  0.222°*  0.155%
(0.002)  (0.003)  (0.004) (0.008)

R-squared 0.001 0.003 0.003 0.002
Observations 1,862,258 1,155,522 1,175,098 1,450,944

Notes: Standard errors are clustered at school level and are reported in
parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

where X is a vector of student characteristics, which includes socio-economic
background characteristics (mother’s education, father’s education, and
household income), demographic characteristics (indicators of ethnicity and
foreign student) and the grade 4 SIMCE test score in the subject. The re-
sults of Equation 1.7 are presented in Tables 1.6 (Spanish) and 1.7 (Math).
Firstly, the results show that the inclusion of the interaction between the
non-blind test and student characteristics does not substantially change
the gender gap in grading, and confirm those previously presented: the
gender gap in grading runs against boys. Secondly, students from advan-
taged backgrounds (higher income and more educated parents) and with
higher SIMCE test scores in 4th grade tend to receive lower school grades
compared to SIMCE test score, while the opposite is observed for ethnic
minority students and foreign students. Furthermore, these effects — with
the exception of the SIMCE score in 4th grade — are substantially smaller

than the gender interaction term.
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TABLE 1.6. Estimation of gender gap in grading: Spanish

4th grade 6th grade 8th grade 10th grade
(1) (2) 3) (4)

Female 0.188*** 0.076*** 0.101*** 0.189***
(0.002) (0.002) (0.002) (0.004)

Non-blind -0.020 -0.008 0.195%** 0.171%**
(0.015) (0.016) (0.016) (0.025)

Non-blind x Female 0.083*** 0.196*** 0.209*** 0.147***
(0.002) (0.003) (0.004) (0.007)

Non-blind x

Father’s education -0.004***  -0.004***  -0.010*** -0.008***
(0.001) (0.001) (0.001) (0.001)

Mother’s education 0.003*** 0.002** -0.008*** -0.008***
(0.001) (0.001) (0.001) (0.001)
Household income -0.001* 0.000 -0.004*** 0.002
(0.001) (0.001) (0.001) (0.001)
Ethnic group 0.019 0.030** 0.046*** -0.021
(0.013) (0.014) (0.014) (0.020)

Foreign student 0.001 0.008 0.096*** 0.089**
(0.026) (0.042) (0.034) (0.035)

Lagged SIMCE score -0.175**  -0.186*** -0.166***
(0.003) (0.003) (0.004)
R-squared 0.097 0.402 0.309 0.272

Observations 1,862,258 1,155,522 1,175,098 1,450,944

Notes: All regressions include student characteristics (father’s education,
mother’s education, household income, indicators of ethnicity and foreign stu-
dent) and lagged SIMCE test scores (except for 4th grade students). Standard
errors are clustered at school level and are reported in parentheses. *p < 0.10,

5 < 0.05, **p < 0.01.

Figure 1.1 shows the value of 7 for each of year-grade combination in which
the data of school grades and SIMCE test scores are available (see Table
1.1).'6 As can be seen, it indicates that for all the combinations the gender
gap in grading is against boys, and of the same order of magnitude than
the pooled cross-sectional model. Interestingly, there is a clear pattern ob-
servable in the gender gap in grading: increasing through primary school
(4th grade to 8th grade) and then decreasing in high school. Further checks
are performed (see Appendix A.3). Particularly, the grading gap against

16 Appendix A.1 reports the value of v for each year-grade combination.
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TABLE 1.7. Estimation of gender gap in grading: Math

4th grade 6th grade 8th grade 10th grade

(1) (2) (3) (4)

Female -0.066™**  -0.022***  -0.083*** -0.028***
(0.002) (0.002) (0.002) (0.005)
Non-blind 0.203*** 0.339*** 0.531*** 0.577***
(0.017) (0.017) (0.018) (0.025)
Non-blind x Female 0.083*** 0.190*** 0.202*** 0.131***
(0.002) (0.003) (0.004) (0.007)

Non-blind x
Father’s education -0.008***  -0.012***  -0.019*** -0.020***

(0.001)  (0.001)  (0.001) (0.001)

Mother’s education -0.008***  -0.014***  -0.022*** -0.024***
(0.001) (0.001) (0.001) (0.001)

Household income -0.008***  -0.012***  -0.019*** -0.016***
(0.001) (0.001) (0.001) (0.001)

Ethnic group 0.049*** 0.101*** 0.112%** 0.050**
(0.015) (0.016) (0.015) (0.024)

Foreign student 0.083** 0.123*** 0.187*** 0.150***
(0.034) (0.047) (0.044) (0.033)

Lagged SIMCE score -0.175**  -0.186*** -0.166***
(0.004) (0.004) (0.005)
R-squared 0.081 0.437 0.355 0.302

Observations 1,862,258 1,155,522 1,175,098 1,450,944

Notes: All regressions include student characteristics (father’s education,
mother’s education, household income, indicators of ethnicity and foreign stu-
dent) and lagged SIMCE test scores (except for 4th grade students). Standard
errors are clustered at school level and are reported in parentheses. *p < 0.10,
**p < 0.05, ***p < 0.01.

boys is robust across school type (public, voucher and private), urban and

rural schools, school size and geographical region.

Overall, these results indicate that there is a gender gap in grading that
runs against boys in both subjects. This finding is consistent with previous
studies which have suggested that girls are graded more favourably than
boys in all subjects. Despite this, the results differ from earlier studies, in
at least three aspects. First, in math, the size of the effects differs from
some of the earlier studies. The effects are more in line with the results
of Casula and Liberto (2017), whereas are considerably larger than Lavy
(2008) and Falch and Naper (2013). In turn, the grading gap against boys
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FicURE 1.1. Gender gap in grading using different year-grade combinations
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Notes: The graph shows the estimates of v in Equation 1.7 with 95% confidence interval
for each year-grade combination.

in Spanish is considerably larger than the grading gap in native language
documented by previous research. Second, and in contrast to previous stud-
ies, the magnitude of the grading gap against boys is similar for Spanish
and math. Third, compared to most previous studies, the gender gap in
grading is estimated more accurately.!'” Among other results, it is shown

that the gender gap in grading is consistently positive (against boys) across

17 An exception is Casula and Liberto (2017) estimations, which yield similar standard
errors for their coefficients.
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all year-grade combinations. In addition, the strong grade effect is sugges-
tive that the gender gap is not only the result of teacher bias, but is also

the result of student behaviour.

Are these results indicative of teachers’ gender bias in grading? As shown
in the previous section, these results might also be capturing differences
in the production functions (or inputs to the production functions) of the
school grades vis-a-vis the SIMCE test scores for girls and boys. In other
words, they might capture any unobserved factor both correlated with gen-
der and with test type. For example, observed differences between blind
and non-blind test scores could be explained by the gender effort gap in
the classroom, which differs from the gender effort gap in the SIMCE test.
The following section provides evidence of the systematic impact of differ-
ent factors on the gender gap in grading and clarifies to what extent this

gap relies on teachers’ behaviour and/or students’ behaviour.

1.5 Does the gender grading gap capture

teacher biases?

The previous section has presented robust evidence of a grading gap against
boys in teachers’ assessments. Throughout this section, I explore the extent
to which the behaviour of relevant actors, such as schools and teachers, may
explain this result. To identify the sources of variation in the gender gap
in grading, I construct a dataset with information about the gender gap in
grading at class-subject level, denoted by GG.;. The gender gap in grading
at class-subject level is defined as the difference between girls’ and boys’
gap between the average non-blind score (school grades) and blind score
(SIMCE test score):

—F —F —M —M

GGCS = (Gcs - Tcs) - (Gcs - Tcs) = Tes (18)

This value is computed for each class-subject combination. Each class

¢ = {1,...,N} is observed once in each subject s = {Spanish, math}. A
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class-subject combination has a specific teacher j, school k and year ¢.!8

As a result, it is obtained a dataset of 222,148 observations, composed of
40,044 teachers, 5,126 schools and 111,074 classes. On average, a teacher
is observed in 5.5 different classes in the dataset (with a standard devia-
tion of 3.4 times), whereas is observed 1.6 different classes within the same
school year (with a standard deviation of 0.8 times). The average number
of classes per school is 21.7 (with a standard deviation of 18.7). The gender
gap at class-subject level has the same interpretation as before: a positive

(negative) value for GG, implies a grading gap in favour of girls (boys).

Figure 1.2 plots the distribution of the gender grading gap at classroom-
subject level. In coherence with previous results, on average the gender gap
in grading is 0.17 (with a standard deviation of 0.37), and therefore runs
against boys. It is worth noting that there exist classes where the gender

gap in grading is negative, and therefore runs against girls.

FIGURE 1.2. Gender grading gap distribution at classroom-subject level
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Table 1.8 provides descriptive statistics. The gender grading gap at class-
subject level mimics the results of the previous section, showing a clear

pattern: increasing up to 8th grade and decreasing in the transition to

BGG.s is equivalent to estimate Equation 1.6 for each class-subject (7).
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10th grade. On the other hand, gender grading gap is higher in public
schools, rural schools, and schools outside the Santiago Metropolitan Re-

gion.

TABLE 1.8. Descriptive statistics of gender grading gap at classroom-
subject level

Average  SD
(a) Subject
Both subjects 0.17 (0.37)
Spanish 0.15 (0.39)
Math 0.19 (0.35)
(b) Grade
4th grade 0.10 (0.31)
6th grade 0.21 (0.36)
8th grade 0.24 (0.40)
10th grade 0.17 (0.42)
(¢) School characteristics
1=Public 0.19  (0.41)
1=Voucher 0.16 (0.35)
1=Private 0.13 (0.35)
1=Urban 0.17 (0.37)
1=Rural 0.21 (0.40)
1=Metropolitan 0.16 (0.36)
1=Non-metropolitan 0.18 (0.38)

As grading is something that teachers do, it is particularly important to
know the extent to which the gender grading gap is a fixed characteristic of
a teacher. A particular feature of the data is that I can observe the same
teacher in different classes. Are teachers’ assessments always in favour of
girls or boys? To characterise how teacher’s grading change in different
classes, I compute the number of class-subject combinations in which a
class taught by a particular teacher, exhibits a grading gap against boys
(i.e. the GG, is positive). Then, if the grading gap is a characteristic of
the teacher, it should be observed that teachers are constantly biased in
favour of girls or boys. This is not the case. About 23.4% of the teachers
always present a grading gap against boys, whereas 2.7% of them always
present a grading gap against girls. Accordingly, about one quarter of the

teachers would exhibit a consistent bias.

33



Is teacher’s grading gap stable? Following Lavy and Megalokonomou (2019),
I measure the persistence of teachers’ grading behaviour by comparing the
gender gap of class ¢ taught by teacher j (GG,.), and the average gen-
der gap over all the other classes taught by teacher j during 2011-2018,
denoted by @J}—c- This average captures all the information available
about teacher j’s grading behaviour, with different groups of students and
classes. Moreover, the out—of-sample approach eliminates any class-level
unobserved variation in boys’ and girls’ behaviour, along with any gender
gap in non-cognitive skills. Table 1.9 presents the correlation between the
gender gap of class ¢ taught by teacher j and its out—of-sample average,
using a school fixed effects regression with subject, year and grade fixed
effects and controlling for teacher characteristics. In Column (1), I use the
out—of-sample average; whereas in Column (2) the independent variable
is the average weighted by the number of students (@;‘j_c), to account
for differences in class size. As a result, both measures produce a coeffi-
cient not statistically different from zero, meaning that teachers’ grading

behaviour is not persistent across classes.

TABLE 1.9. Regression of teacher’s grading gap across classes

Average other 0.003

classes (GG,,—.) (0.007)

Weighted average other 0.009
classes (@;07_6) (0.007)
R-squared 0.082 0.082
Observations 222,148 222,148

Notes: Dependent variable is the gender gap of class ¢ taught

by teacher j (@j,c)- All regressions control for teacher char-
acteristics (gender, experience, an indicator of permanent
contract and working hours) and include school fixed effects,
subject fixed effects, grade fixed effects and year fixed effects.
Standard errors are clustered at school level and are reported
in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

To further test whether the gender gap in grading corresponds to a char-
acteristic of the teacher, I follow the methodology proposed by Lavy and
Sand (2018). They argue that if the measure of gender gap in grading is

really capturing teachers’ biased behaviour, it has to be the case that the
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correlation of the grading gap between subjects within the same class must
be higher if both subjects are taught by the same teacher. In other words,
under the hypothesis of gender gap in grading being an expression of the
teacher’s gender stereotypes, it is expected that a teacher persistently bi-
ases the same group of students, in both subjects. Table 1.10 shows the
results of running a regression of grading gap in math on the grading gap
in Spanish, for the same class. Column (1) presents the coefficient estimate
between the two subjects (first row), and its interaction with an indicator
variable for having the same teacher in both subjects (second row). Firstly,
the results indicate that the grading gap is highly correlated across subjects
(0.34 with a standard error of 0.003), even when the teachers are different.
Secondly, the interaction coefficient is not statistically significant. Column
(2) adds school fixed effects to account for school characteristics. No sub-
stantial changes are observed. The results suggest that the class is the most
important element behind the gender gap in grading, and not the identity

of the teachers.

TABLE 1.10. Regression of gender gap between subjects within the same
class

(1) (2)

Gender grading gap in Spanish 0.337***  0.333***
(0.003)  (0.003)

Gender grading gap in Spanish x Same teacher 0.010 0.009
(0.008)  (0.008)

School FE Yes
R-squared 0.178 0.249
Observations 111,074 111,074

Notes: Dependent variable is the gender grading gap in math. All regres-
sions control for teacher characteristics (gender, experience, an indicator
of permanent contract and working hours), and include grade fixed ef-
fects and year fixed effects. Standard errors are clustered at school level
and are reported in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

What explains the variation in the gender gap in grading? The grading
gap might show a different pattern depending on the subject, in particular,
the set of skills assessed could differ between Spanish and math. Similarly,
the age of the students could also be relevant, since gender differences in

motivation at school and attitudes towards learning grow wider, as boys
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and girls grow and develop (Salisbury et al., 1999; Duckworth and Selig-
man, 2006; Kenney-Benson et al., 2006). Alternatively, as gender equality
policies evolve, it is plausible to argue that the gender gap in grading may
follow a particular trend over time. From an institutional point of view, it
may respond to a school policy, for example, school directors may promote
gender equality in the classrooms. Finally, the gender gap in grading could
reflect a conscious or unconscious gender stereotype of the teacher. Then,
to characterise how systematically the gender gap in grading changes due

to these factors, I estimate the following regression model:
GGoes = s + fig + b + i + 115 + BZj1 + Cos (1.9)

where GG, is the gender gap in grading for the class ¢ in the subject s; ps
is a dummy for math; p, are grade fixed effects; p, are year fixed effects;
r, are school fixed effects; 1, are teacher fixed effects; and Zj; is a vector
of teacher’s characteristics, including gender, years of teaching experience,
an indicator of permanent contract, and working hours. It should be noted
that teacher gender cannot be included with teacher fixed effects (y;). The
idea is to use this model to test the explanatory power of different specifi-
cations, adding in each step a different set of variables.'® Table 1.11 reports
the results of estimate Equation 1.9. Regarding the coefficients, and across
all the specifications, math teachers present a larger grading gap against
boys compare to Spanish teachers. In addition, the gender gap in grading
shows a clear pattern: it increases with age until the 8th grade, and then
decreases until the 10th grade. On the other hand, no time trend is ob-
served for the gender gap in grading over the years. Finally, there is very
little systematic impact of the teachers’ characteristics on the gender gap

in grading.

Table 1.11 shows the F-test of overall significance of the fixed effects and
its p-value, and the adjusted R2. The first column exhibits the benchmark
model which includes subject fixed effect (1;), grade fixed effect (), year
fixed effects (u:), and the vector of teacher characteristics (Zj;). The ad-
justed R? for this model is 2%. The second column adds school fixed effects

19 A similar approach is used in (Bertrand and Schoar, 2003) to assess the impact of
managers on business decisions.
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to the benchmark model. Although the fixed effects are statistically sig-
nificant, the adjusted R? reaches only 6%. Therefore, by itself, schools do
not explain a substantial part of the variation of the gender gap in grad-
ing. In the third column, teacher fixed effects are added to the benchmark
specification. Again, the fixed effects are jointly significant, but the model
fit is 10%. As a result, teacher biased behaviour is not persistent over
time, in other words, not much of the variation is explained by the teacher
identity. No further changes are observed when school and teacher fixed
effects are simultaneously included (fourth column). However, when class
fixed effects are included, the adjusted R? jumps to 40%, besides being
statistically significant.?’ In other words, a group of children — a class —
who have a particular gender gap in Spanish have a similar gender gap in
math. This confirms the results in Table 1.10. Finally, no major differences
are observed when teacher fixed effects and class fixed effects are jointly

included (adjusted R? increases by 5 percentage points).

Altogether, the results presented in this section suggest that teachers’ grad-
ing behaviour is not fixed, i.e. the gender gap in grading does not substan-
tively correlate with teachers’ identity. In turn, it seems to be that the
class characteristics — expressed in class fixed effects — are the key to un-
derstand the mechanism behind the gender gap in grading. In terms of
the theoretical motivation discussed in Section 1.3, the results support the
idea that the comparison between school grades and SIMCE test scores is
capturing differences in production functions of girls and boys, rather than

actual teachers’ gender biases.

Nevertheless, in a more complicated setting, these results still might be
driven by teachers’ biases which depend on the students’ behaviour. In
other words, these outcomes do not necessarily imply that teachers play
no role in this respect. For example, the grading gap against boys could
be explained by teachers rewarding girls’ effort more than boys’ effort.
The next section, therefore, moves on to discuss the possible mechanisms
that support these findings, with a particular focus on the role of students’

behaviour in shaping the grading gap by gender.

207t should be noted that class fixed effects saturate the effects at grade (u4) and year
(1) level.
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TABLE 1.11. Stepwise regression: variation of gender grading gap

(1) ) 3) @) B) ©)
Subject FE
Math 0.035%** 0.035%** 0.018***  0.017*** 0.035*** 0.011%**
(0.002) (0.002) (0.003) (0.003) (0.001) (0.003)
Grade FE
6th grade 0.101*** 0.098*** 0.091***  0.088***
(0.002) (0.002) (0.004) (0.004)
8th grade 0.140*** 0.138*** 0.133***  0.129***
(0.002) (0.002) (0.004) (0.004)
10th grade 0.072%** 0.086*** 0.093***  0.088***
(0.002) (0.003) (0.006) (0.006)
Year FE
Year 2012 0.026*** 0.024*** 0.023***  0.022***
(0.004) (0.004) (0.005) (0.005)
Year 2013 0.037*** 0.036*** 0.031***  0.032***
(0.003) (0.003) (0.004) (0.004)
Year 2014 0.027*** 0.028*** 0.020***  0.022***
(0.003) (0.003) (0.004) (0.004)
Year 2015 0.029*** 0.032%** 0.023***  0.025***
(0.003) (0.003) (0.004) (0.005)
Year 2016 0.037*** 0.038*** 0.026***  0.028***
(0.004) (0.004) (0.005) (0.005)
Year 2017 0.030*** 0.033*** 0.020***  0.023***
(0.004) (0.004) (0.005) (0.006)
2018 0.034*** 0.036*** 0.020***  0.024***
(0.004) (0.004) (0.006) (0.006)
Teacher
characteristics
Female 0.00186 0.00185 0.00073
(0.002) (0.002) (0.002)
Experience -0.00004 -0.00047***  0.00093* 0.00061 -0.00075*** 0.00034
(0.000) (0.000) (0.000) (0.001) (0.000) (0.001)
Permanent -0.01745***  -0.00725*** 0.00419 0.00390  -0.00859*** 0.00342
contract (0.002) (0.002) (0.003) (0.004) (0.003) (0.006)
Work hours -0.00059***  -0.00038***  -0.00030 -0.00026 -0.00034** 0.00017
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
School FE Yes Yes
Teacher FE Yes Yes Yes
Class FE Yes Yes
F-test FE 2.68 1.43 1.44 2.28 2.20
p-value (0.000) (0.000) (0.000) (0.000) (0.000)
Adj. R-squared 0.024 0.060 0.095 0.103 0.393 0.452
Observations 222,148 222,148 222,148 222,148 222,148 222,148

Notes: Standard errors are reported in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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1.6 Potential mechanisms behind teachers’

grading behaviour

The results from the previous section discard two potential mechanisms:
statistical discrimination and teacher characteristics; as both mechanisms
are naturally linked to teachers’ identity. In addition, given the specific fea-
tures of the SIMCE test, it is possible to rule out that the gender grading
gap is explained by a more competitive environment. As mentioned before,
the SIMCE test has no direct consequences for individual students’ future
prospects, therefore it is a low-stakes test. Moreover, both school exams
and SIMCE tests take place in the same environment. This arguably rules
out the possibility that the SIMCE test might cause higher levels of anxi-
ety in students compared to the school tests. Finally, the time lag between
blind and non-blind tests is relatively small. Students take the SIMCE test
before they know their final grades in school. Usually, the SIMCE test is
taken during the months of October and November, whereas students know
their final grade usually at the beginning of December. This avoids time
trends in learning, which in principle could be different for male and female
students. The following describes how student’s behaviour may explain the

grading gap against boys in teachers’ assessments.

As some authors point out, the teacher grading gap could be a reaction to
students’ attitudes towards learning (Cornwell et al., 2013). More impor-
tantly, several lines of evidence suggest that gender correlates with the level
of non-cognitive abilities (Bertrand and Pan, 2013). In particular, it is well
established that boys tend to have more behavioural and attention prob-
lems (Ready et al., 2005), less self-regulation (Matthews et al., 2009) and
less self-discipline (Duckworth and Seligman, 2006; Kenney-Benson et al.,
2006) than girls. From a theoretical point of view, gender differences in
behaviour might explain the gender gap either because they raise the stu-
dent’s achievement on school grades g(-) more than on SIMCE test ¢(-), or

because they cause the teacher to be more positively biased b;;(-).
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The survey data contain information on students’ perception about their
own school effort. 31% of the students in the sample have this informa-
tion.?! To characterise the student’s behaviour, four variables are consid-
ered. The first two variables are based on students’ perception. Students
were asked to indicate the extent of their agreement with the following
statements: “I always do my homework” and “I like to study”. The first
is considered a measure of student effort, whereas the second a measure
of positive attitude towards learning. The rating scale is “I fully agree”,
“I agree”; “Disagree”, “I entirely disagree”. Both variables are coded as
dummy variables, taking value of one if the student answers “I fully agree”
or “I agree”, and zero otherwise. Furthermore, two additional measures
of school effort are added: grade retention and school attendance. Grade
retention reflects the past academic performance and can be considered as
a mix of direct measure of ability and school effort. On the other hand, the
school attendance rate is a direct measure of school effort in the previous

years.

Table 1.12 displays descriptive statistics for each of these variables by gen-
der. From this data, it can be seen that female students present higher
levels of effort and positive attitude, and less grade retention. In contrast,
no substantial differences in school attendance are observed. It is worth
noting that the behaviour gender gap, in terms of effort and positive atti-

tude, tends to get wider as children get older.

To test the impact of student behaviour on the grading gap, I include
these four behavioural variables (Do homework, Like to study, Grade re-
tention, and School attendance) along with their interactions with gender
and non-blind test in Equation 1.7. Table 1.13 shows the results. Column
(1) displays the baseline regression based on Equation 1.7. Once again, the

grading gap is against boys in Spanish and math.

Column (2) reports the effects of these variables and their interaction with
the type of test. This model allows the coefficients to vary with the type
of test. In the light of the theoretical model presented in Section 1.3, this

21Table A.9 (Appendix A.4) reports a mean comparison test of student, teacher and
school observable characteristics for the estimation sample and the restricted sample.
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TABLE 1.12. Gender gap in behaviour

All students 6th grade 8th grade 10th grade

1=Do homework Female 0.78 0.72 0.81 0.82
Male 0.70 0.65 0.75 0.73
Difference 0.07*** 0.07*** 0.06*** 0.09***
(0.001) (0.002) (0.002) (0.002)
1=Like to study Female 0.51 0.47 0.52 0.54
Male 0.43 0.43 0.46 0.41
Difference 0.08*** 0.05*** 0.07*** 0.13***
(0.001) (0.002) (0.002) (0.002)
1=Grade retention Female 0.06 0.05 0.05 0.08
Male 0.09 0.08 0.08 0.11
Difference -0.03*** -0.04*** -0.03*** -0.03***
(0.001) (0.001) (0.001) (0.001)
School attendance Female 93.66 93.57 93.69 93.73
Male 93.51 93.40 93.38 93.77
Difference 0.14*** 0.18*** 0.31*** -0.04**
(0.010) (0.016) (0.020) (0.017)
Observations 870,765 347,145 235,470 288,150

Notes: Standard errors are reported in parentheses. *p < 0.10, **p < 0.05, ***p <
0.01.

could be caused by two alternative mechanisms, which in principle are not
mutually exclusive. On the one hand, it would capture differences in the
production function, that is to say, same effort inputs e = e* would be more
valuable in one test than the other: g(e*) # t(e*). On the other hand, it
could be capturing teachers rewarding effort inputs: b;(e,) > b;(e;) with

€q > €p.

The results show different effects according to the type of test. In partic-
ular, the effects of the behavioural variables are larger for the school tests
than the SIMCE test. Also, they show that part of the grading gap against
boys is explained by the differences in the behaviour by gender. The inclu-
sion of these variables reduces the gender gap in grading by around 20%.
However, the baseline grading gap is still positive (or against boys) and
statistically significant. These results differ from Cornwell et al. (2013),
who show that gender differences between external test scores and teach-

ers’ assessments vanish when behavioural variables are considered.
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Column (3) presents estimates adding a triple interaction between be-
havioural variables, the non-blind test dummy, and the female dummy. A
positive coefficient implies a higher premium in the non-blind test (school
grades) for female students who exert effort. The most remarkable result
to emerge from this model is that grading gap against boys completely
disappears for both subjects. The results suggest that the premium due to

good behaviour is gender-dependent, and runs in favour of girls.

In terms of the theoretical model, this implies that E[g(-) — t()|girl, e] >
Elg(:) —1t(-)|boy, e]. This might be explained by two reasons, which are not
mutually exclusive. First, it could reflect effort inputs being more valuable
for girls than boys. It could also be argued that this effect is due to effort
inputs variables being subject to measurement error, that potentially can
be different by gender. Since some of the variables of effort are based on
students’ perceptions, these results might be explained by the fact that
male students develop a mistaken perception of their own behaviour and
overestimate their effort. Second, it could just express teachers’ biased be-
haviour in favour of girls who show a specific behaviour, in other words:
Elb;;(e)|girl] > E[b;j(e)|boy]. Why this may be the case? It might be re-
lated to how effective are the male students in showing or demonstrating
their good behaviour to the teacher compared to their female classmates.
This explanation is grounded in several studies in psychology (see for ex-
ample, Salisbury et al. (1999)) that posit that for male students it could
not be socially acceptable to be seen interested in school work, because this
attitude is in conflict with the society’s notions of masculinity. An alter-
native explanation is related to teachers’ expectations of male and female
behaviours, either based on gender role attitudes or stereotypes. Teachers
may expect students to behave in a certain manner according to specific
behavioural patterns, and ignore any behavioural change which diverges
from this path. This phenomenon is referred to as sustaining expectation
effect (Cooper and Good, 1983). Then, if teachers believe that girls present
better attitudes to learning or work harder than boys, under the hypothesis
of sustaining expectation effect teachers may dismiss or ignore any boys’

behaviour opposite to this original belief.
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TABLE 1.13. Effects of student behaviour on gender grading gaps

Spanish Math
(1) (2) (3) 1) (2) (3)
Female 0.126***  0.112*** -0.058 -0.035%**  -0.047***  -0.285***
(0.002) (0.002) (0.037) (0.002) (0.002) (0.033)
Non-blind 0.122%**  -1.313*** -1.215*** 0.494***  -0.308***  -0.220***
(0.015) (0.059) (0.063) (0.017) (0.065) (0.065)
Non-blind x Female 0.181***  0.147*** -0.047 0.182***  (0.144*** -0.031
(0.004) (0.004) (0.049) (0.004) (0.004) (0.046)
Behaviour
Do homework 0.083*** 0.077*** 0.096*** 0.084***
(0.002) (0.003) (0.002) (0.003)
Like to study 0.085*** 0.082%** 0.057*** 0.048***
(0.002) (0.003) (0.002) (0.003)
Grade retention -0.020%**  -0.018*** 0.078*** 0.086***
(0.005) (0.006) (0.005) (0.006)
School attendance 0.008*** 0.007*** 0.014*** 0.013***
(0.000) (0.000) (0.000) (0.000)
Non-blind x
Do homework 0.257*** 0.257*** 0.214*** 0.212%**
(0.004) (0.004) (0.003) (0.004)
Like to study 0.090*** 0.076*** 0.135*** 0.120***
(0.003)  (0.004) (0.003)  (0.004)
Grade retention -0.330***  -0.321*** -0.281%**  -0.268***
(0.007) (0.008) (0.009) (0.008)
School attendance 0.013*** 0.012%** 0.006*** 0.006***
(0.001) (0.001) (0.001) (0.001)
Female x
Do homework 0.013*** 0.026***
(0.004) (0.004)
Like to study 0.007* 0.017***
(0.004) (0.003)
Grade retention -0.006 -0.024***
(0.007) (0.007)
School attendance 0.002*** 0.002***
(0.000) (0.000)
Female x Non-blind x
Do homework 0.002 0.005
(0.005) (0.005)
Like to study 0.026*** 0.029***
(0.005) (0.004)
Grade retention -0.026*** -0.036***
(0.009) (0.009)
School attendance 0.002*** 0.002***
(0.001) (0.000)
R-squared 0.321 0.355 0.355 0.363 0.392 0.393
Observations 1,741,530 1,741,530 1,741,530 1,741,530 1,741,530 1,741,530

Notes: All regressions include student characteristics (father’s education, mother’s education, house-
hold income, indicators of ethnicity and foreign student) and lagged SIMCE test scores, along with
their interactions with non-blind test. Standard errors are clustered at school level and are reported
in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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A leading concern is that the behaviour of the students and teachers’ grad-
ing might be jointly determined, and therefore the estimates in Table 1.13
are biased. To address the problem of simultaneity bias — caused by stu-
dent’s behaviour and teacher’s grading influence one another — I use lagged
values for behavioural variables (i.e. Do homework and Like to study). Ta-
ble A.10 in Appendix A.5 shows that the key findings are robust to these

changes.??

Overall, the findings in this section indicate that the gender gap in grading
could be attributed to students’ behaviour, particularly in relation to their
academic effort and attitude toward learning. Female students present
higher (more positive) values for behavioural variables than male students.
It is important to bear in mind that this result may be explained either by
effort inputs being more valuable for girls than boys or by teachers’ biased

behaviour in rewarding that effort.

1.7 Conclusions

Using a precise and comprehensive student-level data on school grades and
SIMCE test scores, I find that boys tend to receive lower school grades
than girls compared to their SIMCE test scores. Therefore, and in line
with the previous literature, there is a gender gap in grading in favour of
girls. Moreover, the gender grading gap widens throughout primary school

years, and decreases in secondary school.

Gender grading gaps have been utilised by many researchers as a measure
of teachers’ biased behaviour. This chapter questions the validity of this
measure. [ show that deviations between non-blind and blind tests might
be capturing differences in the tests’ production functions for girls and
boys, rather than actual teachers’ gender biases. I provide evidence that

teachers’ grading behaviour is not persistent across classes, and that most

22Table A.11 in Appendix A.5 reports the results using a 4-point scale to measure
students’ behaviour (i.e. Do homework and Like to study), where 1 denotes “I entirely
disagree” and 4 denotes “I fully agree”. The results are consistent with those presented
in Table 1.13.
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of the variation of the gender bias at class-subject level is driven by the
characteristics of the class, and not from the teachers’” identity. Taken to-
gether, these results challenge the idea that teachers grading bias is a fixed
characteristic of the teachers. Nevertheless, these results are perfectly com-
patible with a model which allows teacher’s grading to vary with student’s

behaviour.

By exploiting rich survey information and administrative data on students’
school effort, I provide evidence on the mechanisms that could explain the
grading gap against boys. I show that the gender gap in grading is not
driven by a compositional effect or differences in the structure of the pro-
duction function of school grades and the SIMCE test scores. Instead, I find
that the grading gaps are attributed either by teachers rewarding differently
students’ behaviour based on their gender, or by female students being more

effective in transforming this behaviour into higher school grades.

From a policy perspective, the grading gaps between teachers’ assessments
and national examinations identified in this chapter have important effects
on students’ academic achievement for at least two reasons. First, the pro-
cess of grading plays a crucial role in giving information and feedback to
students about their work and performance. Therefore, school grades con-
stitute a powerful channel to transmit information about student ability,
allowing students to determine their optimal allocation of effort. Gender
gaps in grading compromise the extent to which school grades inform about
children’s skills and learning. Second, in Chile — as in many other countries
— school grades form part of the criteria for admission to higher education
institutions. Then, gender gaps in grading have a direct impact on stu-
dent’s probability of admission. In the context of the public debate, the
evidence of gender gaps in grading encourages a discussion on the necessity

of revising schools grading procedures and policies.
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Chapter 2

Let’s stay together: the effects
of repeated student-teacher
matches on academic

achievement

2.1 Introduction

Each year, school managers must allocate teachers to groups of students.
Consider a school with two maths teachers, and two groups of students
who progress from grade 7 to grade 8. Each teacher could specialise in
a particular grade: teacher 1 takes both groups in grade 7, and teacher
2 takes both groups in grade 8. Under this allocation, all students are
matched with a new teacher in grade 8. An alternative arrangement is to
repeat the student-teacher match, which is called “looping” in the educa-
tional literature. Under this allocation, each teacher is assigned to a single
group of students which they teach in both grade 7 and 8. Students who
remain in the same group between grades will be matched with the same
teacher in both grades. Students who change group between grade 7 and 8
will be matched with a new teacher, but will typically still be in a group in
which most students have the same teacher in both grades. Does looping
have any impact on student achievement? If yes, how and through which

mechanisms? This chapter attempts to provide answers to these questions.
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Understanding the effect of looping is important for at least two fundamen-
tal reasons. First, it is widely used in some school systems. Although sys-
tematic quantitative evidence on the prevalence of looping does not appear
to be available, it seems to be widespread in German elementary schools
(Zahorik and Dichanz, 1994), in Chinese schools at all levels (Liu, 1997) as
well as in Finland, Japan, Sweden, Israel and Italy (Tourigny et al., 2019).
In the case we study, Chile, over 50% of students progressing from year
7 to 8 have the same teacher in both grades. Thus, measuring the effect
of looping-based teacher-student allocations on student outcomes is poten-
tially of great importance. Second, repeating student-teacher matches only
requires a re-assignment of existing teaching resources without significant
additional costs. Thus, if it works, looping can be a budget-neutral way to

improve student achievement.

In this study, we use rich, comprehensive student-teacher data to explore
the effect of repeating the student-teacher match on students’ test scores
for 8th graders in Chile. Unusually, we have information on all student-
teacher matches across multiple subjects and multiple years, and we have
a national, anonymous measure of student test scores which is uncontami-
nated by any teacher or school biases in grading. However, even with these
data, estimating the causal effect of repeating the student-teacher match
is challenging for two reasons. First, because student-teacher matches are
non-randomly selected: student-teacher matches which are successful in
one year may be more likely to be repeated; certain kinds of teachers may
be chosen to teach a specific year group; particular groups of students may
be chosen to continue with the same teacher, and so on. Second, even if
one could randomly allocate repeat matches, those matches will tend to
have more experienced teachers. This arises because, in order to repeat a
match, the teacher must have taught at the same school in the previous
year, while new matches are drawn from a pool which includes teachers
who are recently hired. To deal with these concerns, we estimate the effect
of repeated student-teacher matches using plausibly exogenous variation
in teacher-student allocation, and we make within-teacher comparisons to

control for the resulting experience gap.
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We start by exploiting within-school, within-student and within teacher-
year variation to control for many of the possible biases which might arise
from selection into repeated matches. Repeating a match increases stu-
dent performance by about 0.02 standard deviations.! This is equivalent
to the effect of improving teacher quality by 0.1-0.2 standard deviations.?

A value-added specification yields similar results.

However, fixed effects and value-added methods do not fully mitigate the
concern that school managers (or teachers) might decide to repeat matches
based on the performance of existing matches. To solve this problem, we
consider a situation in which the teacher-student match is broken for ex-
ogenous reasons, namely the discontinuity in repeat matches which occurs
when teachers reach the legal retirement age (LRA). Effectively, we com-
pare the performance of grade 8 students whose grade 7 teacher reached
the LRA in the previous year with grade 8 students whose grade 7 teacher
reaches the LRA in the current year. Grade 8 students whose grade 7
teacher reached the LRA in the previous year are far more likely to be
allocated a new teacher, and hence are far less likely to experience a repeat
match. The discontinuity arises because of small differences in the date of
birth of different grade 7 teachers. However, this discontinuity mechanically
introduces a difference in teacher experience between repeat and non-repeat
classes. To deal with this, we include teacher-by-year fixed effects which
remove any variation in experience. Using this discontinuity design, we ob-
tain larger estimates of the benefit of repeating student-teacher matches,
of the order of 0.07-0.1 standard deviations.

It seems possible that the benefit of individual repeat matches may not sim-
ply aggregate. For example, the positive effects we observe at the student-
subject level may be simply due to substitution of a fixed amount of effort
by each student towards subjects with familiar teachers, at the expense of
subjects with new teachers. We therefore test whether the positive effects
of repeat matches aggregate up to the student, class, and school level. At

these more aggregated levels a discontinuity approach is not possible and

'Hill and Jones (2018) use a similar method in the context of elementary public
schools in North-Carolina and obtain similar estimates.
2Using estimates from Rivkin et al. (2005) and Rockoff (2004).
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so we rely on fixed effects methods which account for possible selection
at the class, school-year and subject-level. Reassuringly, we find student,
class and school-level estimates are all slightly larger than the equivalent

student-subject level estimates.

Finally, we explore several potential channels through which looping may
improve student outcomes. Using evidence from a survey of teachers, we
assess the effect of repeat matches on the learning environment at the
class level. Educational research has emphasised the positive relationship
between school effectiveness and a co-operative school environment. The
school climate reflects the quality of the relations between the members of
the educational community. The literature has shown that a positive and
sustained school climate is correlated with higher levels of students’ mo-
tivation and engagement, school attendance, graduation rates and teacher
retention (Thapa et al., 2013). In addition, recent studies (Bryk et al., 2010;
Kraft et al., 2016; Klugman, 2017) have established a positive causal impact
of school climate on students’ achievement on standardised test scores.> We
find that that in classes with more student-teacher matches, students have
higher attendance, teachers report better classroom behaviour and have

higher expectations of their students’ academic potential.

Very few papers have attempted to formally evaluate the effectiveness of
repeat matches for student achievement. An exception is Hill and Jones
(2018), who assess the impact of repeat matches on the academic achieve-
ment in elementary public schools from North Carolina using a battery of
fixed effects.* The effect on test scores is positive, significant, and similar to
our estimates. We build on their findings by exploiting data on the universe
of Chilean students and teachers over a longer period and presenting, to
the best of our knowledge, the first estimate of the causal effect of looping
utilizing an exogenous variation in teacher-student allocation which allows

for student-subject level selection into repeat matches.

Repeating student-teacher matches necessarily implies greater student-teacher

familiarity. In this sense, our analysis is related to Fryer (2018), who inves-

3For a comprehensive review on school climate literature, see Thapa et al. (2013).
4In contrast to our setting, looping is not common in Hill and Jones’s case.
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tigates the effect of teacher specialisation by subject, and finds that spe-
cialisation decreases students’ achievement and attendance, and increases
student behaviour problems. Fryer suggests that these findings could be
explained by the decrease in interactions between teachers and students,
caused by teachers’ subject specialisation. Our findings support this view
in a different context, from a different policy, and provides complementary
evidence on how student-teacher familiarity manifests in better classroom

behaviour.

A recent literature emphasises complementarities between teacher and stu-
dent characteristics (e.g. Aucejo et al., 2018; Graham et al., 2020). This
implies that improving teaching-to-classroom assignments may lead to bet-
ter student outcomes. Graham et al. (2020) experiment with different as-
signments to show that overall achievement in elementary schools in the
US can increase by at around 0.02 standard deviations without changes
in existing teaching resources. Of course, a precise performance-improving
assignment of teachers to classrooms requires information that it is not
necessarily available for school managers. Our study complements these
findings by providing a simple and feasible assignment rule that delivers

results which are at least as large, if not larger.

A number of qualitative and small-scale quantitative studies in the edu-
cational literature have investigated the effectiveness of looping, includ-
ing Bogart (2002), Nichols and Nichols (2002), Cistone and Shneyderman
(2004), Tucker (2006) and Franz et al. (2010). Cistone and Shneyderman
note that looping is widespread in primary schools in certain countries,
including Germany and Japan, but rarely used in others. Most of these
studies consider elementary schools: Kerr (2002) stresses that very few
studies consider effects on older children. These studies overwhelmingly
argue that looping improves student outcomes. For example, Cistone and
Shneyderman (2004) find that looping improved student attendance and
increased the rate at which students progressed successfully to the next
grade. It is commonly suggested that looping has these positive benefits
because it saves considerable time at the start of the new school year. Cis-
tone and Shneyderman (2004) argue that looping “allows teachers to save

time at the beginning of the second year of the loop by making unnecessary
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the usual transitional period typically spent on getting acquainted with new
students as well as setting classroom rules, expectations, and standards.”
The same idea is also argued by Burke (1996), Little and Dacus (1999) and
Black (2000). A teacher cited by Little and Dacus (1999, p.43) explains:
“Gone were the lectures about daily procedures and classroom rules. Gone
were the weeks of testing, trying to determine a student’s reading level.
The teachers and students started the year with a bang and ended further
along than the teachers had anticipated.” The literature also argues that
looping allows teachers to build closer relationships with the students and
parents, along with a better understanding of the strengths, weaknesses,
and personalities of their students. Looping also allows teachers to imple-
ment a smooth transition across grade levels and develop a more cohesive
curriculum. This educational literature provides useful insights on how
looping may affect the learning process, but does not provide a systematic
assessment of its overall causal effect. Our study is a contribution in that

direction.

We recognise that looping may also have disadvantages. First teachers may
find it more difficult to teach a multi-year rather than single-year curricu-
lum. Second, teachers may lose grade-specific human capital, which Ost
(2014) finds contributes up to one-third as much as general teaching expe-
rience, at least for maths scores. Finally, even if repeated matches are more
efficient, they may also increase inequality in student outcomes, because,
as noted by Bogart (2002), some unlucky students will spend two or more
years with an ineffective teacher. Assigning students to new teachers each

year mitigates these inequality concerns.

The remainder of the chapter is organised as follows. Section 2.2 describes
our data and the relevant institutional features of the Chilean school sys-
tem. Section 2.3 explains the econometric framework and estimates the
effect of repeated student-teacher matches at the student-subject level. We
begin with fixed-effects methods which maintain the assumption that se-
lection into repeat-matches is exogenous to the quality of existing matches.
We then relax this assumption by exploiting the discontinuity at the LRA
as a source of exogenous variation in repeat match formation. In Sec-

tion 2.4 we estimate the effects of repeated matches at the student, class,
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and school level, which may be more informative as to the effectiveness of
a policy of repeating student-teacher matches, since there may be spillover
or substitution effects within and between students. In Section 2.5 we re-
port the results from large-scale teacher survey results which support the
hypothesis that repeated matches improve behaviour in the classroom and

raise teacher expectations of future student performance.

2.2 Data and institutional background

We use three different datasets provided by the Chilean Ministry of Educa-
tion. First, we use the complete school enrolment records of all students in
Chile from 2002 onwards. The database contains yearly information on the
students enrolled in primary school (grade 1 to grade 8) and high school
(grade 9 to grade 12). These records contain a consistent student 1D, a
school ID and a “class” ID. In Chilean schools, a class is a fixed group
of students who take subjects together: every student in our sample is in
the same group (class) in grade 8 for all four subjects we consider. The
enrolment records include individual school grades (awarded by teachers)
in each subject and the individual attendance rate. The grading system
in Chile is 1 to 7 by increments of 0.1, and schools are free to set their
own grading standards. To make school grades comparable, we standard-

ise school grades at the school level.?

Second, we use comprehensive teachers’ administrative records. These
records contain information on teacher gender, age, and experience. This
database includes the same class ID as in the enrolment records, which
allows us to associate each class of students in each subject with a teacher
in each year. The enrolment records matched to the teacher records allow
us to measure whether a student has the same teacher in a subject for

successive years.

Third, we use data on students’ achievement in Sistema de Medicion de la
Calidad de la Educacion (SIMCE) tests. This is a standardised test admin-

istered by the Ministry of Education to all students in certain grades, and

5We do not use these school grades as an outcome measure because they may reflect
teacher biases as well as student performance (see Chapter 1).
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is the main instrument to measure the quality of education in Chile. The
SIMCE is administrated by external examiners, and provides information
about students’ performance relative to the country’s National Curriculum
Framework. We use standardised test scores for 8th graders in four years:
2004, 2007, 2009 and 2011, in four different subjects: Spanish, maths, so-
cial sciences and natural sciences.® In these three years, SIMCE tests were
taken by 1,056,458 students, 97.8% of the students enrolled in 8th grade,

covering 98.4% of schools in operation.”

The SIMCE data also contains information on school characteristics (in-
cluding whether a school is public or private) and information from surveys
of parents and teachers. The parents’ survey provides information on fam-
ily socio-economic background, including mother’s schooling and monthly
household income (banded). For years 2009 and 2011, the teachers’ sur-
vey provides information about perception of classroom behaviour and the
future performance of the class. Teachers complete a separate survey for

each class they teach.

We therefore have information on students ¢ = 1... N who are observed in
8th grade in one of four different years (¢ = 2004,2007,2009,2011). Each
student has SIMCE test scores in four subjects s = 1,2,3,4. Students
are grouped together in classes c. A class-subject combination has a spe-
cific teacher j, school k£ and year t. We start with a sample of 789,270
students. After excluding observations without valid test scores, student
or teacher characteristics, we are left with a sample of 696,482 students,
46, 256 teachers, 31,837 classes and 6,260 schools. Overall, the estimation
sample represents 76.3% of the students enrolled in 8th grade who took all
the SIMCE tests. Information from teachers about classroom behaviour
and future class performance is available for 9,498 classes for each of the

four subjects.

SWe focus on grade 8 in these four years because we have information on all four
subjects’ SIMCE test scores, and we exploit the variation across subjects.

"The SIMCE test is not taken by students in special education or adult education.
In addition, there are cases in which the test cannot be taken because schools are closed
temporarily or because students cannot attend. Cuesta et al. (2020) find that high-
performing students are more likely to take the SIMCE test, and that the size of this
effect varies across school. Our findings, however are based on a within-student design.
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A repeat match takes place when a student has the same teacher in the
same subject as in the previous academic year. We do not consider repeat
matches to occur if a student has the same teacher in consecutive years,
but not in the same subject. We also do not consider repeat matches to

occur if a student returns to the same teacher after a gap.®

Students may repeat a grade due to academic failure. Grade retention de-
pends on the students’ performance during the school year, as well as their
attendance rate. The most prevalent condition for grade retention between
grades 4 and 8 is to fail (score below 4.0) in one subject and having a
Grade Point Average (GPA) across all subjects lower than 4.45. Students
must also attend at least 85% of classes. Grade retention is rare: about
1.8% of the students in grade 8 are repeating the grade. We do not exclude
grade repeaters from our analysis because we implement a within-student

comparison, as explained in Section 2.3.

Table 2.1 presents descriptive statistics. Panel (a) shows that the outcome
(SIMCE test score) and treatment (repeated match) are measured at the
student-subject level in grade 8. Repeat matches are common in the 8th
grade of Chilean schools.” In the estimation sample, 58% of the observa-
tions have a repeat match. Panel (a) also shows that repeat matches are

less common between grades 6 and 7 (41%) than between grades 7 and 8.'°

There are no substantial differences in the frequency of repeat matches by
subject, shown in panel (b). Because each student has probability of a re-
peat match of 0.58 in each subject, 8th graders can expect to have a repeat

teacher in 2.32 of their four subjects. For each student we also observe sex,

8Both are infrequent cases. In the sample, 88.9% of the total matches occur in the
same subject. On the other hand, 2.8% of the student-teacher matches in 8th grade
present 1 year of gap.

9Grade 8 is the final year of primary education, and students will typically move to a
different school and have different teachers in grade 9. Students typically remain in the
same school between grades 5 and 8, and therefore repeated student-teacher interactions
will be common in grades 6, 7 and 8. Our analysis focuses on grade 8 because of the
availability of the SIMCE test score information.

10We cannot identify repeat matches between grades 5 and 6 for the entire sample
because we do not have enrolment data for 2001.
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TABLE 2.1. Descriptive statistics

Mean Standard deviation

(a) Student-subject level i,s (N= 2,785,928)

SIMCE test score 0.00 1.00
1=Repeat match grade 8 0.58 0.49
1=Repeat match grade 6-7 0.41 0.49
(b) Student level i (N= 696,482)
1=Repeat match (Spanish) 0.57 0.50
1=Repeat match (Mathematics) 0.59 0.49
1=Repeat match (Natural Sciences) 0.59 0.49
1=Repeat match (Social Sciences) 0.58 0.49
Number of repeat matches 2.32 1.30
1=Female 0.51 0.50
Mother’s schooling (years) 10.95 3.75
Household’s monthly income (000s of CLP)  376.02 468.90
Past GPA 0.09 0.95
Past attendance rate (%) 94.40 5.81
Class size 26.68 8.47

(¢) Teacher level j (N= 46,256)

1=Female 0.68 0.47
Experience (average) 16.34 12.53
Age (average) 43.59 11.80
(d) School level k (N= 6,260)
1=Public 0.50 0.50
1=Voucher 0.42 0.49
1=Private 0.07 0.26
1=SES 1 (Low) 0.25 0.43
1=SES 2 (Middle-low) 0.33 0.47
1=SES 3 (Middle) 0.23 0.42
1=SES 4 (Middle-high) 0.12 0.33
1=SES 5 (High) 0.07 0.25
1=Urban 0.73 0.44
School enrolment (average) 436.90 402.15
Number of teachers (average) 19.30 14.17
(e) Class-subject level ¢, s (N= 37,992)
1=Problems to start the class 0.34 0.47
1=Classroom disruption 0.44 0.50
1=High teacher expectation 0.55 0.50

Notes: Sample comprises students in 8th grade in 2004, 2007, 2009 and 2011
who have valid test scores and a complete set of information on characteristics.
Household monthly income is imputed from the mid-point of 15 income bands
with widths of 100,000 CLP or 200,000 CLP. The class-subject information in
panel (e) is only available for a subset of 9,498 classes out of 31,837 classes in
total.
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family background, past GPA, past attendance rate and class size in grade
8.

In panel (c) we report information at the teacher level, which includes sex,
age, and experience. Teachers’ experience and age correspond to the aver-

age across the four years.!!

In panel (d) we report information at the school level including size accord-
ing to enrolment and number of teachers. Schools in Chile may be one of
three types: public, private but supported by vouchers and unsupported
private.'? Schools are classified by the Ministry of Education according to
the socio-economic status (SES) of their students, based on four variables:
father’s level of education, mother’s level of education, monthly family
income and a vulnerability index of the students. The variable ranges be-
tween 1 and 5, 5 being indicative of the wealthiest students. Finally, in
panel (e) we show information from the SIMCE survey about teachers’
perceptions of classroom behaviour'® and their expectations of their stu-

dents in the future.'*

In Table 2.2 we show how the characteristics of the treatment and con-
trol groups differ. The raw difference in test score is very small, but repeat
matches are positively associated with several factors correlated with worse
academic performance, including lower family income and lower previous

test scores.

1Tn the estimation sample teachers are observed a different number of times across
the four years: 52% (24,271 teachers) are observed once; 24% (11,276 teachers) are
observed twice; 14% (6,558 teachers) are observed three times, and 9% (4,151 teachers)
are observed four times.

12For a detailed description of the Chilean school system and education providers, see
Santiago et al. (2017).

13Teachers were asked about how much they agree or disagree with the following
statements: “In this class, it is very hard to start the class lessons” and “In this class,
the lessons are often interrupted because I must silence or scold students”. The rating
scale is “I fully agree”, “I agree”, “Disagree”, “I entirely disagree”. Both variables are
coded as dummy variables, taking value of one if the teacher answers “I fully agree” or
I agree”, and zero otherwise.

4 Teachers were asked “What do you think will be the highest level of education that
most students in this class will achieve in the future?”. The variable is coded as a
dummy variable, taking value of one if the teacher expects that the majority of the class
will complete higher education studies and zero otherwise.
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Panel (a) shows that repeat matches in grade 8 are themselves correlated
with repeat matches in grade 7, which may reflect differences at the school-
level in terms of policy towards repeated matches. However, the distribu-
tion of repeat matches does not suggest that looping is primarily a school-
level policy. Two-thirds of students have variation in repeat matches across
subjects (which by definition are taken within the same school). In Ap-
pendix B.1 we show that only 15% of the variation in the proportion of
repeat matches at the school-subject-grade-year level is accounted for by
school fixed effects, and also that very few schools always (or never) use

repeat matches.

Panel (b) shows that students who have repeated matches come from lower-
income families with less-educated mothers. Repeat matches are positively
selected on those measures of academic effort and achievement which are
observable by the teacher: past GPA and past attendance rate are both
higher for repeat matches. However, repeat matches are not positively se-

lected on the anonymised SIMCE test score.

Panel (c) of Table 2.2 shows that repeat matches are significantly more
common in public schools, in low socio-economic status schools and in ru-
ral schools. There are also important differences in terms of school size
and structure, some of which are mechanically related to the probability of
repeat matches. Students in smaller schools in terms of enrolment, num-
ber of classes, number of teachers and number of teachers per subject are
all more likely to have repeat matches. Holding other factors constant, a
reduction in the number of teachers who are available to teach a particular

subject will increase the probability of repeat matches.

Panel (d) shows that repeat matches have significantly older and more ex-
perienced teachers. Repeat matches have teachers with three more years of

experience than new matches in 7th grade (i.e. before the current match).

15The SIMCE test is taken every year in 4th grade, from 2005 onwards. Therefore,
past SIMCE test scores are only available in 2009 (4th grade in year 2005) and 2011
(4th grade in year 2007). 4th grade SIMCE scores are only available for three of the four
subjects (Spanish, maths, and natural sciences). As with current SIMCE test scores,
scores in 4th grade are standardised to have mean zero and unit variance.
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TABLE 2.2. Characteristics of treatment and control groups

Treatment  Control Difference Std. err.

group group
SIMCE test score 0.001 -0.002 0.003*** ( 0.001 )
(a) Previous repeat matches
1=Repeat match grade 6-7 0.47 0.32 0.154*** (0.001)
(b) Student characteristics
1=Female 0.51 0.50 0.001 (0.001 )
Mother’s schooling (years) 10.74 11.26 -0.521*** (10.005)
Household’s monthly income 342.37 422.66 -80.287***  ( 0.567 )
Past GPA 0.11 0.06 0.050*** (0.001)
Past attendance rate (%) 94.62 94.09 0.536™** ( 0.007 )
Past SIMCE test score 0.15 0.21 -0.058*** ( 0.002 )
Class size 26.94 26.33 0.613*** (0.010)
(¢) School characteristics
1=Public 0.55 0.44 0.110*** ( 0.001 )
1=Voucher 0.41 0.49 -0.079*** ( 0.001 )
1=Private 0.05 0.08 -0.032*** ( 0.000)
1=SES 1 (Low) 0.11 0.09 0.027*** (10.000)
1=SES 2 (Middle-low) 0.34 0.30 0.044*** (0.001)
1=SES 3 (Middle) 0.35 0.35 0.000  (0.001)
1=SES 4 (Middle-high) 0.15 0.19 -0.037*** ( 0.000 )
1=SES 5 (High) 0.05 0.08 -0.033*** ( 0.000)
1=Urban 0.88 0.91 -0.035*** (10.000)
School enrolment 698.74 820.18  -121.432***  (0.741)
Number of classes 20.09 23.34 -3.248*** (0.018)
Number of teachers 26.29 31.01 -4.722%** (0.023)
Number of subject-teachers 2.66 3.20 -0.542***  (10.002)
(d) Teacher characteristics
1=Female 0.69 0.68 0.011***  (0.001 )
Experience in 7th grade 20.06 16.93 3.124%** (0.015)
Experience in 8th grade 21.06 15.37 5.694*** (0.014 )
A Experience 1.00 -1.57 2.570*** (0.012)
Age 47.51 42.55 4962 (0.013)
Observations 1,618,387 1,167,541

Notes: The past SIMCE test score is the SIMCE score from grade 4, and is based on
338,941 and 440, 192 observations in the control and treatment groups respectively. All
comparisons are at the student-subject level. The number of subject-teachers is based
on the number of teachers in the school between 5th grade and 8th grade, because
the majority of the teachers from the first cycle (grades 1-4) are general teachers, and
they teach all the main subjects to a particular class. In the case of the four years
analysed (2004, 2007, 2009, 2011), 95% of the teachers from the first cycle teach more
than one subject. In contrast, 44% of the teachers from 5th grade to 8th grade are
subject specialist, and teach only one subject. *p < 0.10, **p < 0.05, ***p < 0.01.
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Repeat matches have teachers with siz more years of experience than new
matches in 8th grade. More experienced teachers are more likely to get
repeat matches, and, by definition, repeat matches have a teacher with
one more year of experience than in the previous year. In contrast, new
matches draw a new teacher who has more than two years less experience
than their teacher in the previous year. This arises because, by definition,
teachers who have repeat matches in 8th grade must have worked at the
school in 7th grade, whereas new matches may draw a teacher who is new
to the school.

Given these differences in students, schools and teachers between repeat
matches and new matches, it is important to note that we observe the
same student (by definition in the same school) in multiple subjects, some
of which are repeat matches and some of which are new matches, and we

16 some of which are repeat

observe the same teacher with multiple classes,
matches and some of which are new matches. This enables us to control
both for unobserved fixed student effects and unobserved fixed teacher ef-
fects, which greatly reduces any concerns about selection on the basis of

these characteristics.

2.3 The effect of repeat matches at the student-

subject level

As shown in Table 2.2, a simple comparison of repeat matches and new
matches may be misleading because repeat matches are not randomly as-
signed: repeat matches have systematically different students, teachers,
and schools. These differences may arise because of teacher and student
sorting within schools, and because of teacher and student mobility between
schools. Previous research has established the existence of teacher sorting
within schools: less-experienced, minority and female teachers are system-
atically sorted to lower-performing students (Clotfelter et al., 2005, 2006;
Feng, 2010; Kalogrides et al., 2013). Moreover, qualitative research shows

that school leaders base their staffing decisions on a combination of teach-

16 A small fraction of teachers are observed in more than one school.
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ers’ performance (measured by their students’ test scores) and teachers’
preferences (Cohen-Vogel, 2011; Kalogrides et al., 2013; Osborne-Lampkin
and Cohen-Vogel, 2014). Teacher and student mobility between schools
may also cause differences in the proportion of repeat matches, and it
seems likely that the decision to move schools will not be exogenous with

respect to student outcomes.

Our data allow us to control for differences in fixed student characteristics
by using the within-student variation across subjects, taking advantage of
the fact that we observe students’ test scores in four different subjects.!” In
addition, since students attend the same school and the same class for all
subjects, student fixed-effects will also control for selection bias as a result
of differences in school or class characteristics. The inclusion of student
fixed effects also addresses two specific sources of selection bias: parental
choice of school and grade retention. First, parents’ decision whether to
move their child to another school could lead to a selection issue if par-
ents take this decision based on, for instance, how well their children are
matched with their teachers in a particular school. In the estimation sample
7.8% of the students change school between grade 7 and grade 8. Second,
students who repeat the grade due to academic poor performance are sig-
nificantly less likely to have a repeat match. In the estimation sample,
about 1.8% of the students are grade repeaters, of which 65.7% do not
have the same teacher again. Grade repeaters are more likely to come from
low-income families, to have less educated mothers, and to have lower test
scores. The inclusion of student fixed effects deal with both these potential
biases, since children attend the same school for all subjects, and grade

repeaters re-take all subjects.

As well as addressing selection bias, the inclusion of student fixed-effects
allows us to estimate the effectiveness of repeat-matches independent of
any effect of a group of students staying together between grades. It seems
possible that student-student familiarity (in addition to student-teacher

familiarity) has a causal effect on student outcomes, and the process of as-

"Many cross-sectional studies exploit within-student variation to identify effects of
teacher characteristics and teaching practices (Dee, 2007; Clotfelter et al., 2010; Bieten-
beck, 2014; Bietenbeck et al., 2018; Paredes, 2014; Lavy, 2015; Comi et al., 2017).
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signing the same teacher to a group of children necessarily implies that the
group (or at least the majority of the group) stay together between grades.
The fixed-effect strategy we use compares the same student across subjects
in the same year, and this student will have the same classmates for all
subjects, so we are effectively comparing outcomes for the same group of

students, some of whom have a repeat match and some of whom do not.

Our method also allows us to control for differences in fixed teacher char-
acteristics by using the within-teacher variation across classes, taking ad-
vantage of the fact that we observe the same teacher in several classes.
Further, and in contrast to students, we observe the same teacher in multi-
ple classes at four different points in time (2004, 2007, 2009 and 2011) which
allows for the inclusion of teacher-by-year fixed effects. As was clear from
Table 2.2, there is inevitably a strong relationship between repeating the
student-teacher match and teacher experience. Even if repeat-match teach-
ers were drawn randomly, these teachers by definition must have worked
in the same school at t — 1, but new match teachers are drawn from the
pool of available teachers which includes those who are new to the school.
In addition, repeat-match teachers are not drawn randomly: they have
about three more years of experience, on average. Thus, an unconditional
comparison of classes which have a repeat match with those that do not
conflates the advantages of a repeat match with any advantages of having
a teacher who has nearly six years more experience (see Panel (d) of Ta-
ble 2.2). Since experience is fixed for a given teacher in a given year, the
inclusion of teacher-by-year fixed effects controls for this large difference in

experience.

Thus, our first model to identify the effect of a repeat match is:

Yis = P1Ris + i + s + e + €is, (2.1)

where y;, is the standardised SIMCE test score of student ¢ in grade 8 in
subject s = 1,2,3,4 (maths, Spanish, social sciences, natural sciences).
Each student is observed in grade 8 in one year ¢t = 2004, 2007, 2009, 2011,
and therefore 7 identifies t. For a particular student-subject-year combi-

nation we observe the identity j = J(i,s,t) of the teacher. In (2.1) each
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student ¢ appears in only one school in one year, whereas teachers j appear
in multiple classes and years and may also be observed in more than one
school. R;, is an indicator variable which takes the value 1 if there is a
repeat match, which occurs if J(i,s,t — 1) = J(i,s,t). As discussed, the

model includes student, subject and teacher-by-year fixed effects.'®

Table 2.3 presents estimates of versions of Equation (2.1) with the inclu-
sion of different fixed-effects. Across all specifications, the results show
a positive and significant effect of repeating the student-teacher match on
student’s SIMCE test scores. The raw effect in Column (1) is small, but re-
call from Table 2.2 that repeated matches are far from randomly assigned,
and are often associated with baseline characteristics which themselves are
associated with lower test scores. Including student fixed effects in Column
(2) increases the effect to 0.0260, while the inclusion of both student and
teacher effects in columns (3) and (4) reduces the effect to 0.017¢. The in-
clusion of teacher-by-year fixed effects in Column (4) controls for any effect
of differential experience between teachers who repeat matches and those
who do not and increases the estimate to 0.0190.' We find no evidence
that the size of the effect varies across subjects: an F'-test of the interac-
tions between R;, and u, is insignificantly different from zero. It is also
possible to replace the teacher-by-year fixed effects p;; with teacher-by-
subject-year fixed effects j1;5; to ensure that we are not conflating looping
with an effect from non-looping teachers teaching different (possible less
preferred) subjects. The inclusion of ;g slightly reduces the estimate to
0.0160.

In Column (5), we include as a control lagged test scores at the student-
subject level (Rivkin et al., 2005; Harris and Sass, 2011; Chetty et al.,
2014a). This is a value-added model which controls for within-student dif-
ferences in ability across subject which may be correlated with the looping
decision. However, the SIMCE test score information for these students

is only available in grade 4 and grade 8, so this does not deal with the

18The model is estimated using the methods developed by Correia (2016) and
Guimaraes and Portugal (2010).

Y9Excluding students who have no variation in R across subjects makes almost no
difference, with an estimated effect of 0.018¢ (0.002).
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TABLE 2.3. Effect of repeat student-teacher match on test scores: fixed-
effect estimates

(1) (2) (3) (4) (5) (6)
Repeat match grade 7-8  0.003** 0.026*** 0.017*** 0.019***  0.021***  0.020***

Ris=1 ( 0.002) ( 0.001) ( 0.001) (10.002) (10.004) (0.004)
SIMCE score in grade 4 0.276***  0.276***
(0.002) (0.002)
R;s =1 grade 6-7 0.014***
(0.003)
R;s = 1 grade 5-6 0.007***
(0.002)
R;s = 1 grade 4-5 0.006
(0.004)
Subject FE Yes Yes Yes Yes Yes Yes
Student FE Yes Yes Yes Yes Yes
Teacher FE Yes
Teacher FE x Year FE Yes Yes Yes
R-squared 0.000 0.793 0.808 0.812 0.849 0.849
Observations 2,785,928 2,785,928 2,785,928 2,785,928 759,597 759,597

Notes: Dependent variable is the student’s SIMCE test score in grade 8. In all columns, treatment
is the student-subject measure of repeated match R;s in grade 8. Standard errors are clustered at
the student level. *p < 0.10, **p < 0.05, ***p < 0.01.

problem that the decision to loop may be based on match quality in grade
7. The sample in Column (5) is significantly smaller because the grade 4
SIMCE score is only available in 2009 and 2011, and only in three of the
four subjects.?® The inclusion of lagged SIMCE scores makes almost no
difference to the estimate. Finally in Column (6) we deal with the concern
that repeat matches may be correlated with earlier looping decisions by
including as controls the value of R;; in grades 5, 6 and 7. Once again, this
makes almost no difference to our estimate of the effect of looping on test

scores in grade 8.

Our estimates are very similar to those reported by Hill and Jones (2018)
for younger students’ maths scores in North Carolina elementary schools

(grades 3-5) using a similar specification, but which also includes lagged

20Repeating the Column (4) model on this reduced sample yields an estimate of 0.0200
(0.004).
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test scores as a control variable.?! The outcome measure used by Hill and
Jones (2018) is a maths score which was reported by the teacher them-
selves, rather than an anonymised national test score as in our case. This
suggests that the use of an anonymised test score, as in our case, is not

crucial for finding positive effects from repeated matches.

The remaining source of variation in (2.1) is the error term ¢;,, which varies
at the student-subject (equivalent to the student-teacher) level. If repeat
matches are formed non-randomly with respect to this “match quality”
term, then estimates of 5, will still be biased even after controlling for stu-
dent and teacher fixed-effects. Schools or parents may both make decisions
about which class-teacher matches to keep together in grade 8 on the basis
of their performance in grade 7. As a result, class-teacher matches are en-
dogenously destroyed, and the effect of a repeat match will be confounded

by survivor bias.

Unfortunately, we do not have the SIMCE test score in grade 7 for these
students. However, we can use information on SIMCE scores in grade 6
to predict match formation in grade 7. To do this we estimate (2.1) on
a sample of all grade 6 students for whom we have SIMCE test scores®?
and calculate €6, the residual for each student-subject observation. We
then calculate, for each student-subject observation, the average residual of
their classmates, Eifsﬁ and estimate whether these residuals have any effect

on the formation of repeat matches in grade 7:

Ris7 = 1éise + 7221"5,6 + gt + Nis7- (2.2)

In this model, v; captures whether students whose individual residual is
high are more likely to remain with the same teacher in grade 7, while
o captures whether students whose classmates have high residuals are
more likely to remain with the same teacher in grade 7. Our estimate of

v1 is negative, but extremely small and insignificantly different from zero

21Hill and Jones report an effect size of 0.0180 (0.005). The increased precision of our
estimates likely reflects the much wider prevalence of repeat matches in our data; Hill
and Jones report that only 3% of students experience a repeat match in their data.

22We have information on SIMCE scores for Spanish and maths in 5 years (2013,
2014, 2015, 2016 and 2018).
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(—0.0003 (0.0004)). Our estimate of 75 is slightly larger but still insignifi-
cantly different from zero at conventional levels (—0.009 (0.005)). Thus, we
find no evidence that student-subject combinations which perform better

than expected are more likely to lead to repeat matches.

Nevertheless, because we cannot directly control for endogenous selection,
we also consider a regression discontinuity approach which exploits the dis-
continuity in the probability of a repeat match which occurs because of
small differences in teachers’ date of birth in the year before the grade 8
observation which affect exactly when teachers reach the legal retirement
age (LRA). A student whose teacher reaches the LRA in grade 7 is less
likely to match in grade 8, because that teacher is more likely to retire.
The discontinuity which occurs at the LRA is plausibly exogenous with
respect to €;,. Clearly, the retirement decision itself is unlikely to be ex-
ogenous with respect to student performance, as noted by Fitzpatrick and
Lovenheim (2014). Hanushek et al. (2004) also argue that there are teacher
selection effects with age which can bias estimates of the returns to teacher
experience. However, although match (or teacher) quality may vary with
teacher age, there is no reason why they would be discontinuous at the
LRA itself. Manipulation of (reported) teacher date of birth is implausible

in this setting.

In Chile, the LRA is 65 for men and 60 for women, but teachers are not
obliged to retire from the labour market at that age. The law permits early
retirement, provided that teachers meet some financial requirements.?® The
school-year starts during the first week of March and finishes in late Novem-
ber or early December. School administrators assign teachers to classes on
the assumption that teachers will remain in the school until the end of the
school year. Each teacher’s exact date of birth is recorded, and using this
we calculate age for each teacher on the last day in February in each year
(2004, 2007, 2009 and 2011), i.e. the day before the school year starts. Our
key identifying claim is that teachers who reach the LRA just before the

1 March are significantly more likely to retire than teachers who reach the

23To retire early, workers are required to have sufficient pension resources to fund a
replacement rate of 70 percent with respect to their average salary over the previous 10
years, and a minimum pension set by law.
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LRA just after 1 March. For example, a grade 7 class in the 2006 school
year whose (female) teacher reaches 60 in February 2007 is less likely to

have the same teacher in grade 8 than a class whose teacher reaches 60 in
March 2007.

Although we do not have a formal measure of retirement, we observe the
population of school-teachers in Chile in each year and therefore we can
infer retirement quite precisely from the disappearance of a teacher from
the data for the next five years. In the left-hand panel of Figure 2.1 we
show that the probability of retirement increases quite sharply (but with
no discontinuity) for teachers who will reach the LRA in the next school
year, and then jumps by over 10 percentage points between teachers who
reach the LRA in February (distance to LRA= 0) and those who reached
it in March (distance to LRA= —1). In the right-hand panel of Figure 2.1
we show that this discontinuity is reflected in a sharp 15 percentage point

reduction in the probability of a repeat match.

F1GURE 2.1. Discontinuity in retirement at the LRA and repeat matches, dis-
tance in months
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years in the administrative records of Ministry of Education. The distance to the legal
retirement is the difference between the current age and the LRA, recorded in months.
The distance to the legal retirement is zero for those teachers whose birthdays are in
February and therefore reach the LRA in the last month of the previous school year.

We therefore have a fuzzy-RD design with distance to the LRA of each

student-subject combination in grade 7, denoted D,s, as the running vari-

66



able, which can be measured in days. Following Imbens and Lemieux
(2008), the RD estimator is defined as:

_ imp, 0 Elyis| Dis = 0] = limp, 10 Elyis| Dis = 0] 7
limDiSJ,OE[Ris’Dis = 0] — limDiSTo E[R15|Dzs = O] TR

TRD (2.3)
As before, y;; denotes the SIMCE test score in 8th grade. The RD estima-
tor corresponds to the ratio between the average intention-to-treat effect
(7,) and the first-stage effect (7p).

We adopt a local polynomial modelling approach to approximate the func-
tional form of 7, and 7z. This method uses only the observations that lie
between —h and +h, where h is a positive bandwidth. Local polynomial
estimation involves choosing a kernel function to weight the observation
within the interval [—h,+h|. We use a triangular kernel function, which
gives the maximum weight at D;s = 0. We use a polynomial of order one,
that is to say, we run a local-linear regression within the bandwidth. To
select the bandwidth, we follow the procedure proposed by Calonico et al.
(2014) by selecting the parameter h that minimises an approximation to
the asymptotic mean squared error (MSE) of the point estimator (77).
Intuitively, choosing a small bandwidth will reduce the approximation bias,
but at the same time will increase the variance of the estimated coefficient.
For inference, we use robust confidence intervals based on bias-correction

following Calonico et al. (2014).

The validity of the discontinuity approach is based on the usual three IV
assumptions. First, a relevance condition, that the LRA has a strong effect
on the probability of teacher retirement, which in turn affects the proba-
bility of repeating the student-teacher match. We have already seen that
the discontinuity is a powerful predictor of retirement, and therefore of re-
peat matches. Second, the instrument exogeneity condition, in this case
that the discontinuity at the LRA is exogenous with respect to student
potential outcomes. In Figure B.2 in Appendix B.2 we provide evidence
that differences in observable characteristics either side of the LRA are
very small and almost all insignificantly different from zero compared to

the differences in the treated and controls. Figure B.3 shows that density
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of the running variable shows no sign of manipulation at the cutoff.?* In
order to deal with any remaining imbalance, we supplement our RD esti-
mates with parametric RD estimates which allow for within-student and
within-teacher comparisons. Third, we require that the discontinuity effect
on student outcomes is only driven by its effect on repeat matches. There
are two threats to the exclusion restriction. Even if the variation in re-
peat matches which is caused by the discontinuity is as good as randomly
assigned, this variation also causes (quite large) variation in teacher expe-
rience. To deal with this, we also consider parametric RD models which
allow for the inclusion of teacher-by-year fixed effects which remove any

variation in experience between repeated and non-repeated classes.

The resulting RD estimates are local for a very specific type of repeat
match. The discontinuity will identify the causal effect of a repeat match
with an experienced teacher who complies with the discontinuity. In other
words, a teacher whose retires at the LRA. If the effect of repeat matches
itself varies with teacher experience, then the IV estimates will not be com-

parable to the fixed-effect estimates from (2.1).

The regression discontinuity results are illustrated in Figure 2.2, which
shows the first stage estimate of 7 in the left-hand panel and the reduced
form estimate of 7, in the right-hand panel. As we anticipated, the first
stage shows a large negative effect: students whose teacher reaches the
LRA in grade 7 are about 17 percentage points less likely to repeat the
match in grade 8. The reduced-form effect on SIMCE test score is about
—0.030: students whose teacher reaches the LRA in grade 7 have lower

test score outcomes in grade 8.

In Appendix B.2 (Figure B.2) we provide some evidence on the exogeneity
assumption by estimating the non-parametric RD model but using a wide
range of measured characteristics as the outcome variable. For reference,
we also show the estimated difference in means from a raw comparison of
treated and controls. In the top panel, differences in means are greatly

reduced and, in most cases, insignificantly different from zero. However,

24The manipulation test of Cattaneo et al. (2018) estimates the density of the running
variable either side of the cutoff using a local polynomial and yields a p-value of 0.1314.
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F1GUuRrE 2.2. Conditional mean plots by local linear regressions: probability of
repeating student-teacher match and SIMCE test score
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Notes: Panel a) the probability of repeating the student-teacher match against the dis-
tance to the LRA between [—1,080,1,080] days. Panel b) SIMCE test scores against
the distance to the LRA between [—1, 080, 1,080] days. The distance to the legal retire-
ment is the difference between the current age and the LRA. The distance to the legal
retirement is zero for those teachers whose birthdays are 1st March and reach the LRA
in that day. The graphs show conditional mean plots using local linear regression within
a MSE-optimal bandwidth (bandwidth = 965 days), with triangle kernel function and
a lst order polynomial, on a grid of 500 points on each side of the cutoff.

some small imbalance remains. One possible explanation for this is that
early retirement decisions may also be discontinuous at the February-March
threshold, and those decisions may be related to school type.?> In the
bottom panel we repeat the exercise but include controls for school type
(public, private, voucher). We now see even less imbalance across the dis-
continuity. The only exception remaining is household income, which is
slightly higher for children whose teacher’s age is just below the LRA. As
noted, income in the SIMCE data is reported in 15 bands from which we
imputed a continuous variable. All of these bands are balanced across the
discontinuity once we control for school type, as shown in Table B.2. The
possibility that there are small imbalances at the discontinuity motivates
us to also consider parametric RD models which allow for within-school

and within-teacher comparisons.

Figure 2.2 implies a causal effect of repeat matches which is substantially

larger than the fixed-effect estimates in Table 2.3, because the ratio of 7,

25For example, if some schools encourage teachers to retire at the end of the school year
before they reach the LRA, there may be imbalance in characteristics at that threshold
in the following year.
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and T is approximately 0.2¢. In Column (1) of Table 2.4 we report a non-
parametric RD estimate of 0.1580 which corresponds exactly to Figure 2.2.
However, this large estimate may arise because we are conflating the repeat-
match effect with an experience effect: although the discontinuity as good
as randomly selects students into repeat matches, the discontinuity also se-
lects students into more or less experienced teachers. We test whether this
large estimate is due to the experience effect by applying exactly the same
RD model to teacher experience. Our estimate of the teacher experience
effect of the discontinuity is very large: over 21 years with a standard error
of less than one year. This means that, although we can plausibly claim
that the LRA discontinuity as good as randomly breaks up student-teacher
pairs in grade 7, it has a large causal effect both on the probability of re-

peating the match and on the experience of the teacher in grade 8.

Therefore, in Column (2) of Table 2.4 we adopt a linear functional form
for the distance to the LRA, which has a number of advantages. First, it
greatly improves estimation precision. Second, and more importantly, it
allows us to include student and teacher-by-year fixed-effects, which sweep
out any non-random selection of new teachers in comparison to the teach-
ers of continuing matches. In particular, it allows us to control for the
experience effect of looping. As expected, this method reduces the effect
of looping and produces an estimate of 0.1100 with a substantially smaller
standard error. Our estimate of the returns to experience suggests that
about half the difference between the results in columns (1) and (2) can be
accounted for by the loss of experience which is associated with getting a

new teacher in grade 8.2

A disadvantage of the simple linear model reported in Column (2) is that
Figure 2.2 suggests that the relationship between looping and age is some-
what non-linear in the year before and after the LRA. Therefore, in Col-
umn (3) we report a quadratic model which allows for this non-linearity,

but which also allows for the inclusion of student and teacher by year fixed-

260ur data allows us to estimate the likely effect of this loss of experience since we have
a clean measure of student achievement and teacher experience. Following the method
of Harris and Sass (2011) our return to experience model in Appendix B.3 predicts that
losing a teacher at the LRA with 25 years of experience (the sample mean) and replacing
them with a new teacher causes a loss in student test scores of 0.024¢.
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TABLE 2.4. Effect of repeating the student-teacher match on test scores:
regression discontinuity results

Non- Linear Quadratic
parametric  with fixed effects with fixed effects

(1) (2) 3)

Tr (First stage) -0.137* -0.121%* -0.114**

( 0.004) (10.004) ( 0.005)
7y (Reduced form) -0.022** -0.013*** -0.014**

( 0.009) (10.005) ( 0.006)
TRD 0.158** 0.110*** 0.124**

( 0.063) (10.038) ( 0.051)
Student FE Yes Yes
Subject FE Yes Yes
Teacher FE x Year FE Yes Yes
First-stage R-squared 0.873 0.873
First-stage F statistic 941 1,041 566
95% C.I. [.035 ; .28]

Effective observations: Left 200,343
Effective observations: Right 109,731
Optimal Bandwidth 964.830
Observations 2,785,928 2,785,928 2,785,928

Notes: Dependent variable is the student’s SIMCE test score in grade 8. Treatment is
the student-subject measure of repeated match R;s. Column (1) presents results based
on Calonico et al. (2014) with a polynomial of order one and weighted by a triangular
kernel. Column (2) includes distance to the LRA linearly, and the interaction between
the distance to the LRA and the indicator variable for reaching the LRA. Column
(3) includes a quadratic interaction between distance to the LRA linearly and the
indicator variable for reaching the LRA. Standard errors in Column (1) are calculated
using Calonico et al. (2014). Standard errors are clustered at the student-level. *p <
0.10, **p < 0.05, ***p < 0.01.

effects. The quadratic model yields an estimate of 0.1240, with a slightly

larger standard error than the linear model.

Do the positive effects of repeated matches occur for every subject? In
Appendix B.4 we investigate this issue by estimating the linear RD model
separately for Spanish, maths, natural sciences, and social sciences. In
these models we cannot control for student fixed effects because each stu-
dent is observed only once in each subject in grade 8, but we can still control
for teacher-by-year fixed effects because teachers take multiple classes in
the same subject (both within and across years). In all four subjects there
is a strong negative effect of reaching the LRA on the probability of re-

peating the match. This effect is weaker in Spanish, but very consistent
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in the other three subjects. The reduced form estimate of 7, is negative
in all four subjects, implying that the estimate of 7gp is positive in all
four subjects. However, standard errors are considerably larger than in
the equivalent linear model because the sample size is much smaller, so
it is hard to make precise statements about the difference in effectiveness
across subjects. The effect appears smallest in natural sciences and largest
in Spanish, but these results are too imprecise to draw more conclusions

about the efficacy of repeat matches in different subjects.

All our RD estimates are larger than the fixed-effects and value-added es-
timates. This seems unlikely to be the result of strong negative selection
into repeat matches. The RD estimates are local in that they relate to
very experienced teachers whose retirement decision is affected by reaching
the LRA. Therefore, our results suggest that the benefits of looping may
be significantly greater for more experienced teachers. However, a natural
concern is that, instead, this reflects a failure of the exclusion restriction.
Since our parametric models include grade 8 teacher-by-year fixed effects,
any failure of the exclusion restriction can only plausibly come from discon-
tinuities in grade 7. A particular concern is that the discontinuity may have
an effect on teacher effort in grade 7 which may in turn effect outcomes
in grade 8. We test of this restriction by considering a sample of students
who change school between grade 7 and grade 8. These students cannot
loop,?” and their grade 8 teacher is selected independently of the grade 7
discontinuity, which leaves grade 7 teacher effort as the only channel by

which the discontinuity can affect test scores in grade 8.

Table 2.5 reports estimates of the reduced form 7, when the sample is re-
stricted to school-movers. All three estimates are insignificantly different
from zero, although we note that the non-parametric estimate in Column
(1) are imprecise and of the same size as in Table 2.4. More encouragingly,
the parametric estimates of 7, are close to zero. These estimates support
our claim that the effect of the LRA discontinuity on test scores operates

through its effect on repeat matches.

27 A tiny number of school movers do in fact have the same teacher in grade 8, presum-
ably because their teacher moved simultaneously or because their teacher had classes in
multiple schools.
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TABLE 2.5. Effect of the discontinuity on school-movers: reduced form
regression discontinuity results

Non- Linear Quadratic
parametric  with fixed effects with fixed effects

(1) (2) (3)

Ty -0.022 -0.0004 -0.010
(10.029) ( 0.010) (0.013)

Student FE Yes Yes

Subject FE Yes Yes

Teacher FE x Year FE Yes Yes

95% C.I. [-0.079;0.035]

Effective observations: Left 181,754

Effective observations: Right 11,706

Optimal Bandwidth 1280.411

Observations 193,460 193,460 193,460

Notes: Sample restricted to students who changed school between grade 7 and grade 8.
Dependent variable is the student’s SIMCE test score in grade 8. Column (1) presents
results based on Calonico et al. (2014) with a polynomial of order one and weighted
by a triangular kernel. Column (2) includes distance to the LRA linearly, and the
interaction between the distance to the LRA and the indicator variable for reaching
the LRA. Column (3) includes a quadratic interaction between distance to the LRA
linearly and the indicator variable for reaching the LRA. Standard errors in Column
(1) are calculated using Calonico et al. (2014). Standard errors are clustered at the
student-level. *p < 0.10, **p < 0.05, ***p < 0.01.

2.4 The effect of repeated matches on stu-

dents, classes, and schools

The comparison we made in Section 2.3 was between individual student-
teacher matches that repeat and those that do not. The great advantage of
this comparison is that allows us to make within-student and within-teacher
comparisons, and our RD strategy also allows to control for endogenous
matches at the student-subject level. However, repeat matches may have
spillover effects on untreated units. At the student level, a student may
allocate greater effort to subjects in which there is a repeat match, but at
the same time allocate less effort to non repeat-match subjects. If this was
the case, increasing the number of matches at the student level would be
less effective. At the class level, if repeat matches allow teachers to save

time, there will be benefits to all students in the class, regardless of whether
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students are individually repeating the match. On the other hand, if repeat
matches are beneficial because of greater familiarity between teacher and
student, it might not be beneficial for those who join a class in which most
other students have a familiar teacher. Indeed, it seems possible that it
might actually be harmful if teachers focus their efforts on students with
whom they are familiar. At school-level, the allocation of teachers is a joint
problem where repeating a match for one teacher has some implication for
all other allocations within that school. In this section we therefore aggre-
gate our data and use fixed-effect methods to examine whether the positive
effects at the student-subject level carry over to student, class, and school-

level.

Our student-level model is:
Ui = BiRi + o + pie + €, (2.4)

where g; is student i’s average SIMCE score across all four of their grade 8
subjects, and R; is the proportion of their four subjects in which they have
the same teacher as in grade 7. The model includes class fixed-effects g,
and a set of pre-determined student-level characteristics x;. The variation
we are exploiting here is the within-class variation in repeat matches which
arises because not all students in a particular class in grade 8 will have had

the same teacher in grade 7.

Our class-subject model is:

gcs - /BIRCS + 621‘]' + He + Hs + €cs, (25)

where 7.5 is the average SIMCE score of all students in class ¢ and subject
s in grade 8, and R, is the proportion of the class-subject combination
who have the same teacher as in grade 7. The model includes class p. and
subject u, fixed-effects and a set of pre-determined teacher-level character-
istics x;. The variation we are exploiting here comes from that the fact
that R., varies across subject within class. Note that in both (2.4) and
(2.5) there is no time variation because each student and class is observed

in only one year.
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Finally, our school-subject-level model is:

Urst = B1Rist + BoZis + Hpt + fs + €xs (2.6)

where 95 and Ry are the school-subject-year level averages of y;, and R;s
in Equation (2.1); p is a school-by-year fixed effect; p, is a subject fixed
effect; x, is a vector of characteristics of the school that vary across sub-
jects and years (specifically, the proportion of female teachers and average
experience). The parameter of interest is ;. Note that at the school level
we have four cohorts of grade 8 students from 2004, 2007, 2009 and 2011,
and hence (2.6) has time variation. Equation (2.6) relies on variation within
schools across subjects and across time for identification. This allows us
to rule out selection into schools which might occur if, for example, better
schools have more (or less) repeat matches. Also, exploiting the fact that
we observe the same school for different cohorts, it is possible to include
a school-by-year fixed effect ;. This effect will remove all differences be-
tween school cohorts which might arise if repeat matches are used for some

cohorts and are related to cohort-specific unobservable shocks.

TABLE 2.6. Effect of repeat matches on test scores at student, class and
school-level

Student  Class-subject School-subject-year

level (7;) level (es) level (Fxst)
(1) (2) (3)

Proportion of repeat matches  0.039*** 0.029*** 0.032%**

(0.006) (0.002) (0.002)
Class FE Yes Yes
Subject FE Yes Yes
School-by-year FE Yes
Student controls Yes
Teacher controls Yes Yes
R-squared 0.414 0.916 0.911
Observations 696,482 127,348 82,524

Notes: In each model the independent variable is the proportion of repeat matches
at that level. Column (1) includes controls for students’ gender, household income,
mother’s education, and attendance rate in grade 7. Columns (2) and (3) include
controls for teachers’ gender and experience. Standard errors are clustered at the
class-level. *p < 0.10, **p < 0.05, ***p < 0.01.
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All three estimates are positive and significant, consistent with a positive
effect of repeat matches on students, classes, and schools. It is striking that
all three estimates are larger than the comparable student-subject level
estimates in Table 2.3. This can partly be explained by the fact that these
models do not control for teacher fixed-effects — the exclusion of teacher
effects in Column (2) of Table 2.3 produces larger estimated effects at the
student-subject level as well. Larger effects are also consistent with positive

spillovers from repeat matches within students, classes, and schools.

2.5 Classroom behaviour and teacher expec-

tations

Our results consistently show that repeating the student-teacher match re-
sults in a positive effect on student test scores. We find these effects at
various different levels of aggregation. In this section, we provide further
evidence of the effectiveness of repeat matches on the behaviour of stu-
dents and the views of their teachers. Specifically, we estimate the effect
of repeat matches on student attendance, student behaviour and teacher

expectations of their students.

The student enrolment data contains a record of student attendance mea-
sured at the student level (we do not observe attendance by subject sepa-
rately for each student), so we estimate a variant of (2.4) and regress the
standardised attendance rate on R;, the proportion of subjects in which
the student has a repeat match in grade 8. As in (2.4), the model includes

class fixed effects and therefore relies on within-class variation.

An independent measure of student behaviour is available from the survey
of teachers about their perception of classroom behaviour and the future
performance of the class, which is available in 2009 and 2011. Although
teachers who complete these surveys are clearly aware of whether their class
is a repeat match or not, it is nevertheless a measure which is entirely inde-
pendent of the anonymised SIMCE test score. Teachers do not know what

their students’ test scores are, and so this cannot influence their responses
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to the survey.?® There are three survey responses of interest. Teachers are
asked if they face behavioural problems at the beginning of the class and
disruptions during the class. These two outcomes are coded as binary vari-
ables, taking value of 1 if they are strongly agree or somewhat agree, and 0
otherwise. In addition, teachers are asked about the level of education that
most of the class will achieve. The teacher expectation is coded as a binary
variable, taking value of 1 if the teacher expects the majority of the class
would finish any type of higher education (either a professional degree or a
technical degree) or postgraduate studies. Our data is at the class-subject
level, so we use a variant of (2.5) where the dependent variable is our mea-
sure of teacher perception (behaviour, expectations) for class ¢ subject s,
and the treatment is R.,, the proportion of the class ¢ that repeat the match
in the subject s. Fixed effects at class level are included to capture all the

subject-invariant characteristics (observable and unobservable) of the class.

Results are displayed in Table 2.7. Column (1) indicates that repeat
matches have a positive effect on attendance, increasing it by 0.050, an
effect size which seems plausibly consistent with the effect on test scores.
Repeat matches also improve the teacher’s perception of classroom be-
haviour and teacher expectations, shown in columns (2)—(4). In particular,
teachers are 4.1 percentage points less likely to have behavioural problems
at the beginning of the class and 4.4 percentage points less likely to expe-
rience disruptive student behaviour. There are smaller but still significant
effects on teacher expectations: teachers are 1.7 percentage points more
likely to hold higher expectations for their students if their class is entirely

made up of repeated matches.

These results are consistent with the qualitative evidence from teachers
who claim that “looping” is beneficial for classroom behaviour. Students
are familiar with the expectations of behaviour set by the teacher in pre-

vious years, and as a result behaviour improves. Of course, we cannot

2841% of the classes in data have this survey information for each subject. Table B.5
(Appendix B.5) reports a mean comparison test of classroom observable characteristics
for the estimation sample and the restricted sample. The restricted sample has more
socio-economically advantaged students, and also has students with a better average
performance in the SIMCE test. Although the differences between the two samples are
statistically significant, they are not large.
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TABLE 2.7. Effect of repeat matches on student behaviour and teacher
expectations

Attendance  Problems to  Classroom High teacher
start the class disruption expectations

) (2) 3) (4)

Proportion of repeat matches 0.052*** -0.041*** -0.044*** 0.017**
(0.008) (10.007) ( 0.008) ( 0.007)
Class FE Yes Yes Yes Yes
Subject FE Yes Yes Yes
Student controls Yes
Teacher controls Yes Yes Yes
R-squared 0.516 0.418 0.439 0.566
Observations 696,482 37,992 37,992 37,992

Notes: Column (1) is at the student level and includes controls for students’ gender, house-
hold income, mother’s education, and attendance rate in grade 7. Columns (2)—(4) are at
the class-subject level and include controls for the teacher’s gender and experience. Standard
errors are clustered at the class-level. *p < 0.10, **p < 0.05, ***p < 0.01.

tell if the positive effects of repeat matches are jointly responsible for im-
proved student behaviour and improved test scores, or whether improved

behaviour is a mechanism by which academic performance improves.

2.6 Conclusions

There is a large literature which stresses the importance of teacher qual-
ity for student outcomes. But teacher quality is hard to improve. In this
study, we have provided evidence that there are significant benefits to real-
locating existing teachers to students they have taught before. Qualitative
evidence from teachers suggests that repeating the match saves time, en-
genders greater familiarity, and hence aids learning. However, estimating
the causal effect of student-teacher familiarity is challenging for two rea-
sons. First, because student-teacher matches are non-randomly selected.
Second, because, even if student-teacher matches were chosen randomly,
a repeat match may affect student performance for reasons other than
student-teacher familiarity: we have seen that repeat matches have more

experienced teachers and may also have more within-class familiarity.

We have provided a range of evidence from a new setting to suggest that

repeating the student-teacher match has a significant positive effect on stu-
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dent test scores: we consider older (grade 8) children in a situation where
repeat matches are common. A multidimensional fixed-effects framework
which controls for selection by student or teacher into repeat matches sug-
gests that repeat matches have test scores about 0.020 higher, a result
which is very consistent with evidence for younger children from the US.
Our results also support a wide range of case-study and qualitative find-
ings from the educational literature. The fixed-effects methods effectively
hold constant many of the other channels by which repeat matches might
affect student outcomes. A regression discontinuity design which addition-
ally controls for selection on the basis of subject-specific match quality
suggests larger effects in the range 0.110 to 0.160, albeit with much less

precision.

We have also shown that these effects aggregate to the class and school-
level, which implies that the positive effects for treated classes are not
simply at the expense of untreated classes, which would be the case if, for
example, schools simply allocate more effective teachers to repeat matches.
Consistent with our findings of positive effects on test scores, we also find
positive effects in teachers’ perceptions of classroom behaviour and their

expectations of their students’ achievements.?”

Allocating teachers to groups of students with whom they have interacted in
the past appears to bring significant improvements in student performance
without incurring additional costs on schools. An important question for
future research is whether these results, which are estimated from variation
in repeat matches in observational data, can be verified in a randomised

setting.

29Note that our measure of test scores comes from an anonymous national test which
is not marked by the teacher, so there is no mechanistic relationship between test scores
and teachers’ perceptions.
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Chapter 3

School starting age and sibling
spillover effects on college

admission exams

3.1 Introduction

A substantial research literature has established the role of parents (Todd
and Wolpin, 2007; Cunha and Heckman, 2008), teachers (Rivkin et al.,
2005; Chetty et al., 2014a; Chetty et al., 2014b) and peers (Sacerdote, 2011;
Epple and Romano, 2011) on the formation of human capital. So far, how-
ever, there has been little discussion about the impact of siblings on student
academic outcomes. Siblings naturally share genes, parental characteris-
tics, parental resources, family values, family history, and neighbourhoods;
and simultaneously compete for parental attention and investments. They
are also likely to influence each other’s development when they act as social
partners and role models, and as the focus of social comparisons (Dunn,
2007; Whiteman et al., 2011; McHale et al., 2012). However, it has proved
difficult to establish the causal effect due to the reflection problem and
unobserved correlated factors (Manski, 1993; Blume et al., 2011). Because
random assignment of siblings is not possible, researchers have used quasi-

experimental methods to investigate spillovers between siblings.

In this chapter, I combine detailed administrative data from Chile to exam-

ine how children affect the long-term educational outcomes of their siblings.
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In particular, this study asks whether children’s school starting age has
spillover effects on their siblings. To identify these effects, I exploit an ex-
ogenous variation in children’s school starting age caused by Chile’s school
entry cutoff date. Ilink data on college admission test scores between 2004-
2019 to students’ exact birth date and enrolment age. I complement this
dataset with information on school achievement (SIMCE test scores) and

survey data on parental investments reported by children and parents.

I obtain three main results. First, school starting age has significant ef-
fects on in-school outcomes, college entrance exams and college enrolment.
In particular, children who enter school at an older age have better aca-
demic outcomes than their classmates. These results match those observed
in earlier studies. Furthermore, I find that these effects are smaller for
older siblings. Second, I provide evidence of spillovers from younger-to-
older siblings. Children score 0.050 higher in college admission exams if
their younger sibling enters school at an older age. In other words, the ad-
vantage that children gain from starting school older has a positive effect
on their older siblings. Surprisingly, this advantage does not spillover to
their younger siblings. To put this result in context, the effect is almost a
third of the gender gap in math test scores and almost a fifth of the gap in
the average of mathematics and language test scores between public and
voucher schools. Similar results are obtained using SIMCE test scores in
8th (students aged 13-14) and 10th grade (students aged 15-16). Third, I
provide direct evidence that parental investments are larger for the older
sibling when the younger sibling starts school older, suggesting that parents
react to the gains that their younger children receive by allocating more

investment to their older children.

This chapter connects to three strands of the literature. First, it is re-
lated to the literature on sibling spillovers and the role of the family on
educational outcomes. Most of this literature finds spillovers from older
to younger siblings (e.g. Dustan, 2018; Joensen and Nielsen, 2018; Dahl
et al., 2020; Aguirre and Matta, 2021; Altmejd et al., 2021). For example,
Joensen and Nielsen (2018) study sibling spillovers in Denmark exploiting
an exogenous variation in the cost of taking advanced courses in math and

science in high school. They find that younger siblings are more likely
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to choose advanced math and science in high school if their older siblings
also take these courses. Similarly, Dustan (2018) using score-based admis-
sion rules in high school in Mexico City, shows that older siblings’ school
assignments impact younger siblings’ stated preferences as well as their as-
signment outcomes. Altmejd et al. (2021) using a regression discontinuity
design based on college admissions thresholds, present causal evidence from
Chile, Croatia, Sweden, and United States that older sibling’s college and
major choices strongly affect younger sibling’s college choice behaviour, in-
creasing their likelihood of applying and enrolling in the same college and

major than their older sibling.

The closest works on this topic is by Karbownik and Ozek (2019) and
Landersg et al. (2020). These two recent studies use discontinuity designs
around the minimum school-entry age to investigate intrafamily spillovers
and sibling spillovers. Karbownik and Ozek (2019) use administrative data
on student test scores for 3rd-8th graders from the state of Florida. They
compare test scores of children whose sibling was born before and after the
school-entry cutoff, finding positive spillovers from older-to-younger sib-
lings; a child who starts school at an older age has a positive effect on their
younger sibling. These gains are entirely driven by students from low-SES
backgrounds. They also find small negative spillovers from younger-to-older
siblings only in the case of students from high-SES backgrounds. They
argue that there are two channels through which children’s performance
could affect the educational outcomes of their siblings. First, there is a di-
rect spillover explained by the interactions between siblings. They expect
a positive effect if high-achieving students act as role models, especially
for students coming from low-income families. Second, there is an indirect
channel through which parents react to differences in their children’s per-
formance, either by allocating more resources in the lower performing child
(i.e. adopting a compensating strategy) or by allocating more resources
in the higher performing child (i.e. adopting a reinforcement strategy).
Therefore, these results are consistent with direct spillovers in students
coming from lower socioeconomic background and reinforcing behaviour in
students coming from higher socioeconomic background. Landersg et al.
(2020) using Danish data find that a higher school starting age improves
older siblings’ test scores at the end of grade 9. They argue that a higher
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school starting age of younger siblings improves the school performance of
the older siblings “because the study environment at home is better or be-
cause parental resources are freed to assist with homework”.! In support of
this argument, they show that only school grades related to rote learning
(e.g. basic arithmetic and grammar) — where parents can actively help their
children to prepare the tests — improve substantially. In contrast, no effect
is found for school grades where more meaningful and deeper learning is
needed (e.g. essay writing or the oral examination of text analysis), which
is not easily improved in the short run by practice. This study comple-
ments and extends their work in at least two important dimensions. First,
I focus on the effect of sibling’s school starting age on long-run outcomes,
such as college admission exams. Second, I explore behavioural channels
that might explain the results. I provide evidence that parents do indeed
respond to the timing of child’s school start, as proposed by Landersg et al.
(2020).

Second, this chapter also relates to the literature on intra-household re-
source allocation and its interaction with early life shocks on human capi-
tal. Scholars have long debated about how parents allocate resources among
their offspring so as to reinforce or compensate initial endowments. In their
classic theoretical model of intra-household allocation decisions, Becker and
Tomes (1976) argue that parents invest more human capital in better-
endowed children, and therefore reinforce endowment differentials among
their children. On the other hand, Behrman et al. (1982) posit that par-
ents face an equity-productivity trade off. Then, if equity is weighed more
heavily in parental preferences, parents will compensate for endowment dif-
ferences. The empirical evidence is mixed. To date there has been little
agreement on whether parents reinforce or compensate children’s endow-
ment differences. Some studies find evidence that parents reinforce (e.g.
Rosenzweig and Zhang, 2009; Datar et al., 2010; Rosales-Rueda, 2014; Fri-
jters et al., 2013), while others find that parents compensate (e.g. Del Bono
et al., 2012; Yi et al., 2015; Bharadwaj et al., 2018).? These divergent re-

sults can be explained by authors using different measures of children’s en-

'They do not examine spillovers from older-to-younger siblings.
2There are some studies that find that parents are neutral, and do not compensate
or reinforce endowment differences (e.g. Royer, 2009; Currie and Almond, 2011).

83



dowments and/or by differences in the empirical methods. Previous studies
have extensively used birth weight as a measure of child endowments (e.g.
Royer, 2009; Del Bono et al., 2012; Yi et al., 2015; Restrepo, 2016; Bharad-
waj et al., 2018); whereas measures of other domains of endowments (e.g.
cognitive skills) have been less used (e.g. Aizer and Cunha, 2012; Frijters
et al., 2013; Sanz-de Galdeano and Terskaya, 2019). Moreover, parental
responses might change according to the dimensions of human capital. In
that regard, Yi et al. (2015) show that parents simultaneously compensate
or reinforce in different dimensions of human capital in response to early
health shocks. In particular, they find that in response to early health
shocks, parents make compensating investments in child health, whereas
they make reinforcing investments in education. The estimation of parental
responses to children’s endowments poses several econometric challenges.
The main threat to identification is selection bias caused by unobserved
characteristics that might be correlated with both parental investments
and children’s endowments. To deal with this problem, studies have used
different strategies, such as family fixed effects (e.g. Rosales-Rueda, 2014),
natural experiments (e.g. Aizer and Cunha, 2012) and instrumental vari-
ables (e.g. Yiet al., 2015). Relative to these papers, I contribute by provid-
ing evidence consistent with parents acting to compensate the well-being
of worse-endowed children (i.e. children who enter school at a younger
age).® For identification, I exploit an arguably exogenous variation caused
by school entry laws, where children are randomly assigned to start school
based on their date of birth.

Third, this chapter speaks to the extensive literature that examines the
relationship between school starting age and academic performance. Pre-
vious research has shown that students who enter school at an older age
score higher on in-school tests (Bedard and Dhuey, 2006; Crawford et al.,
2007; Puhani and Weber, 2007; McEwan and Shapiro, 2008; Nam, 2014;
Lubotsky and Kaestner, 2016; Attar and Cohen-Zada, 2018; Dhuey et al.,
2019) and are more likely to attend college (Bedard and Dhuey, 2006; Gal-

3These results reflect those of Bharadwaj et al. (2018) which also use data from Chile.
They examine the relationship between health at birth — measured by birth weight — and
school outcomes, finding that birth weight increases outcomes in math and languages
throughout all the school years. They show that parents invest more in children with
lower birth weight, this suggests that parental investments are compensatory.
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legos and Celhay, 2020).* Tt is well known that school starting age may
be endogenous and is likely to correlate with student and family charac-
teristics, parental preferences, and child maturity (Attar and Cohen-Zada,
2018; Landersg et al., 2020). To address these concerns some studies ex-
ploit discontinuities in school starting age due to birth date cutoff rules,
comparing children who born just before the enrolment cutoff with those
who born just after (McEwan and Shapiro, 2008; Black et al., 2011; Pena,
2017; Gallegos and Celhay, 2020). I contribute to this literature by showing
that older siblings are less affected by the school starting age. On the other
hand, and consistent with the literature of birth order effects, I show that
first-borns do better on several measures of educational attainment than
later-borns (Black et al., 2005; Barclay, 2018).

The remainder of the chapter is organized as follows. Section 3.2 describes
the data and how siblings are identified in the sample. Section 3.3 explains
the empirical strategy and evaluates the validity of the Regression Discon-
tinuity (RD) design. Section 3.4 presents the main findings of the study.
Section 3.5 discusses the potential underlying mechanisms. Finally, section

3.6 concludes.

3.2 Data

I use three different datasets in this study. The first source of data is the
enrolment records of the entire student population in Chile between 2004
and 2019. The data come from administrative records provided by the
Ministry of Education, and contain information on students’ exact date of
birth, the year in which they start school and the municipality where they
reside. I also have access to students’ surnames. Traditionally, Chile fol-

lows the Spanish naming system, in which children have two surnames, the

4Recent studies have also documented that higher school starting age decreases the
incidence of crime in youth (Cook and Kang, 2016; Depew and Eren, 2016; Landersg
et al., 2017) and lowers the probability of teenage pregnancy (Black et al., 2011). The
literature on job market outcomes is less consistent. Some authors find that students
who enter school at an older age have higher wages (Fredriksson and Ockert, 2013;
Pena, 2017), while others find no effect of the school starting age on earnings (Dobkin
and Ferreira, 2010; Black et al., 2011).
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first being the father’s first surname followed by the mother’s first surname.

The second source of data is from a national standardised test adminis-
tered by the Ministry of Education to all students in certain grades and
years. The test is taken at three different times: 4th grade (9-10 year old
students), 8th grade (13-14 year old students) and 10th grade (15-16 year
old students). The national exam called Sistema de Medicion de la Cali-
dad de la Educacion (SIMCE) is the main tool to measure the quality of
education in Chile. I use standardised test scores spanning 20002017 in
two subjects: Mathematics and Spanish.” The SIMCE test also collects
information from surveys of parents and students. The parent survey con-
tains information about the characteristics of the household as well as the
parents’ perceptions about the school. In 2007, the parent survey for 4th
graders included questions about parental investment. Parents were asked
about how frequently they engage in certain activities with their children.
Specifically, the survey includes the following questions: “How often do
you read to your child?”, “How often do you read with your child?”, “How
often do you talk to your child about his reading?” The student survey
contains information about parental involvement and parental monitoring.
In years 2009, 2011, 2013 and 2014, 8th grade students were asked about
how engaged their parents in their school lives are. Students report how of-
ten parents congratulate them for their school grades, know their grades in
school, and are willing to help them out when they are struggling in school.
Parental investments in 4th grade are on a scale of 1-5, where 1 denotes
“never” and 5 denotes “very often”. These variables are coded as dummy
variables, taking value of one if parents report “very often” or “often”, and
zero otherwise. On the other hand, parental investments in 8th grade are
on scale of 1-4, where 1 denotes “I entirely disagree” and 4 denotes “I fully
agree”. These variables are coded as dummy variables, taking value of one

if students respond “I fully agree” or “I agree”, and zero otherwise.

51 focus on these two subjects because of the availability of SIMCE test score infor-
mation. The national examination also tested the subjects of social sciences and natural
sciences, but these are taken for certain grade-year combinations.
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The third source of data is the record of students who register for the
Prueba de Seleccion Universitaria (PSU) test after graduating from high
school. The PSU test is the college entrance exam and is administered by
the Departamento de Medicion, Registro y Evaluacion (DEMRE), which is
the agency responsible for admission to higher education in Chile. The test
is administered once a year and all the applicants take the test on the same
day at the end of the academic year. Applicants take two mandatory tests
in Mathematics and Language, and at least one of two optional tests in
Social Science and Natural Science. PSU test scores range from 150 to 850,
and each test is normalised to have a mean of 500 and a standard deviation
of 110. Between 2004 and 2019, 86% of the students who graduated from
high school registered for the PSU immediately after graduation, and 91%
of them took PSU test. College admission is based on a weighted average of
their PSU test scores, high school grades and Grade Point Average (GPA)
ranking.® The data in this study consider the PSU exams in Mathematics
and Language for the students graduated from high school during the years
2004-2019. The PSU dataset also provides information on student char-
acteristics — including gender, monthly family income, parents’ schooling,
family size, parents’ work status and health coverage — and high school
GPA. Finally, I also observe college enrolment for those who take the PSU

test. This data is available from 2006 onwards.

The three datasets are linked using a unique student identification number.
The main analysis focuses on the cohort of students that graduated from
high school between 2004 and 2019, and immediately took the PSU test.”

3.2.1 Identifying Siblings

I identify siblings using students’ surnames provided by the Ministry of
Education. I define two students as siblings if they share the same pair of

surnames (in the same order), they attend the same school and live in the

SGPA ranking was introduced in 2013 as one of the components of the weighted
average for college admissions.

"The scores are standardised and have a zero mean and a standard deviation of one.
Also, I standardise high school grades at school-level to capture differences in grading
standards.
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same municipality.® Using this strategy, I identify 969,406 pairs of siblings
between 2004 and 2019. I drop (1) twins because they have the same date
of birth and therefore there is no variation in the treatment (30,568 pairs
of siblings), (2) sibling pairs born less than nine months apart (9,097 pairs
of siblings), and (3) siblings pairs whose age difference is greater than 12
years because it is not possible to claim that he/she was affected by the
shock (421 pairs of siblings).

Figure 3.1 shows the distribution of age differences in months. The exis-
tence of pairs with difference in date of birth of less than 9 months (0.9%
of total siblings) indicate that might be some pairs of students incorrectly

identified as siblings. In any case, this should attenuate the RD estimations

towards zero, and work against the existence of sibling spillovers.

FIGURE 3.1. Distribution of age differences (in months)
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Notes: The red sections are removed from the sample. Those observations correspond

to twins who have the same date of birth, siblings pairs born less than nine months
apart, and siblings whose age difference is greater than 12 years.

8 Aguirre and Matta (2021) implement a similar strategy to study sibling spillovers
on higher education choices in Chile. They classify two students as siblings if (i) they
share the same pair of surnames (in the same order) and (ii) they go to the same school.
To evaluate their method, they match their records with administrative information on
parents’ national identification numbers — acceded on-site at the Ministry of Education.
They conclude that 93% of students in the same school who share the same surnames
are siblings.
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The estimation sample comprises 260,393 sibling pairs (520,786 students)
who have valid PSU test scores and complete information on socioeco-
nomic characteristics. Table 3.1 presents summary statistics. In panel
(a) I report information on socioeconomic characteristics of students, in-
cluding gender, age gap between siblings, whether their sibling has the
same gender, whether lives in the capital, monthly family income, parents’
schooling, family size, parents’ work status and health coverage. Panel (b)
shows information on academic performance: high school GPA, PSU test
scores (Mathematics and Language) and college enrolment, and SIMCE
test scores in 4th grade, 8th grade, and 10th grade.’ In panel (c) I report
information on parental investments in 4th grade using responses from sur-
veys of parents. Finally, in Panel (d) I report information on parental

investments in 8th grade using responses from surveys of students.

Table 3.2 shows same-age comparisons between younger and older siblings.
In Panel (a) I show the differences in socioeconomic characteristics. By
definition, siblings share some characteristics, and therefore present no dif-
ferences in age gap between siblings, whether their sibling has the same gen-
der, whether lives in the capital, monthly family income, parents’ school-
ing, and family size. By contrast, parents’ work status and health coverage
might vary between siblings because it reflects the conditions at the end
of grade 12 when students must register for the PSU test. The father is
less likely to be working at the end of grade 12 for older siblings vis-a-vis
younger siblings, while the opposite is true for mother’s employment sta-
tus. On the other hand, younger siblings are more likely to be covered by
a public health plan. Panel (b) shows that older siblings exhibit a bet-
ter academic performance than younger siblings, in terms of school grades,
PSU test scores, college enrolment and SIMCE test scores. Panel (c¢) and
(d) show that older siblings tend to receive more attention and help with

their school work from their parents than younger siblings.

9The information on SIMCE test scores is available for a sub-sample of students (see
Appendix C.1). Also, I do not consider SIMCE test scores for firstborns whose siblings
are not yet in school, because they are not affected by their younger sibling’s school
starting age.
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TABLE 3.1. Descriptive statistics

Mean Standard Observations

deviation
(a) Student characteristics
1=Female 0.52 0.50 520,786
Age difference 3.58 1.99 520,786
1=Same-sex sibling 0.54 0.50 520,786
1=Lives in the capital 0.42 0.49 520,786
Monthly family income 563.05 509.50 520,786
Mother’s schooling 12.44 3.37 520,786
Father’s schooling 12.51 3.61 520,786
Family size 4.53 1.13 520,786
1=Father employed 0.83 0.37 393,455
1=Mother employed 0.46 0.50 393,455
1=Public health coverage 0.65 0.48 393,455
(b) Academic performance
High school GPA 56.91 5.01 520,786
PSU: Math score 517.47 111.02 520,786
PSU: Language score 511.34 108.97 520,786
1=College enrolment 0.45 0.50 488,671
SIMCE 4th grade 0.46 0.92 215,322
SIMCE 8th grade 0.47 0.88 224,912
SIMCE 10th grade 0.56 1.02 288,309
(¢) Parental investments: 4th grade
1=Read to child 0.35 0.48 19,835
1=Parent-child joint reading 0.52 0.50 19,835
1=Talk about their readings 0.61 0.49 19,835
(d) Parental investments: 8th grade
1=Parent congrats for grades 0.85 0.35 99,579
1=Parent knows grades in school 0.81 0.39 99,579
1=Parent willing to help 0.82 0.39 99,579

Notes: The estimation sample comprises students who have valid PSU test
scores between the years 2014 and 2019, and a complete set of informa-
tion on characteristics. The information on whether parents are employed
(Father employed and Mother employed) and health coverage status (Public
health coverage) is only available for 393,794 students (76% of the sample).
Enrolment information is only available from 2006 onwards. Information on
SIMCE test scores — in panel (b) — and parental investments — in panels (c)
and (d) — is only available for a sub-sample of students (see Appendix C.1).
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TABLE 3.2. Mean comparison test: younger and older siblings

Younger Older Difference Std. err.
siblings siblings

Mean Obs. Mean Obs.

(a) Student characteristics

1=Female 0.52 260,393  0.52 260,393 0.002 (0.001)
Age difference 3.58 260,393  3.58 260,393 0.000 (0.006)
1=Same-sex sibling 0.54 260,393 0.54 260,393 0.000 (0.001)
1=Lives in the capital 0.42 260,393  0.42 260,393 0.000 (0.001)
Monthly family income 563.05 260,393 563.05 260,393 0.000 (1.412)
Mother’s schooling 12.44 260,393 12.44 260,393 0.000 (0.009)
Father’s schooling 12.51 260,393 12.51 260,393 0.000 (0.010)
Family size 4.53 260,393  4.53 260,393 0.000 (0.003)
1=Father employed 0.82 166,174 0.85 227,281 -0.031**  (0.001)
1=Mother employed 047 166,174 045 227,281 0.017**  (0.002)
1=Public health coverage 0.65 166,174 0.64 227,281  0.014*** (0.002)
(b) Academic performance
High school GPA 56.85 260,393 56.96 260,393 -0.105***  (0.014)
PSU: Math score 515.94 260,393 519.01 260,393 -3.071*** (0.308)
PSU: Language score 508.16 260,393 514.52 260,393 -6.357***  (0.302)
1=College enrolment 0.44 258,274  0.47 230,397 -0.026***  (0.001)
SIMCE 4th grade 0.45 161,177 051 54,145 -0.062**  (0.005)
SIMCE 8th grade 0.43 129,958  0.53 94,954  -0.100***  (0.004)
SIMCE 10th grade 0.54 161,859 0.59 126,450 -0.051*** (0.004)
(¢) Parental investments: 4th grade
1=Read to child 0.33 14,026  0.39 5809  -0.065"*  (0.007)
1=Parent-child joint reading 0.51 14,026 0.53 5,809  -0.023***  (0.008)
1=Talk about their readings 0.60 14,026  0.62 5,809  -0.022***  (0.008)
(d) Parental investments: 8th grade
1=Parent congrats for grades 0.85 71,769  0.86 27,810 -0.008***  (0.003)
1=Parent knows grades in school 0.81 71,769  0.82 27,810 -0.002 (0.003)
1=Parent willing to help 0.82 71,769 0.82 27,810 0.002 (0.003)

Notes: Table shows same-age comparisons between younger and older siblings. *p < 0.10, **p <
0.05, ***p < 0.01.

3.3 Empirical strategy

The estimation of peer effects is challenging due to the well-known problems
of (i) endogenous peer group formation, (ii) the reflection bias (iii) and the
existence of unobserved correlated effects (also known as common shocks
problem) (Manski, 1993; Blume et al., 2011). The problem of endogenous
peer group formation arises when individuals self-select into a group, be-
cause of the characteristics or the choices of this group. In the case of

sibling peer effects this should not be important, because siblings are born
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in the same family (peer group) and do not choose to be part of that family
based on each other’s characteristics. The reflection bias states that peer
effects are by nature simultaneous, i.e. individuals are affected by peers
and vice versa. Finally, the estimation of peer effects is also affected by
the presence of unobserved correlated effects. This arises when individuals
are similar in terms of unobserved characteristics and these characteristics

affect or correlate with the outcomes.

To address these issues, I exploit a discontinuity generated by Chile’s school
enrolment eligibility criteria to estimate the causal effects of school start-
ing age. A child is eligible to enter school in year ¢ if she turns six years
old by July 1 of year ¢t. I compare outcomes of students born before and
after the cutoff date, using a RD design. This approach will produce a
causal estimate as long as the dates of birth are random near the eligibility
threshold. This strategy addresses the reflection problem and the common
shocks problem since the variation in the school starting age comes only

from being born before and after the cutoff date.

Let Y; denote the outcome of student 7; B; denotes the date of birth of
student ¢ (normalised relative to the eligibility threshold such that students
with positive B starts the school at an older age); 1(B; > 0) is an indicator
function for whether student ¢ born on or after the cutoff date; f(B;) is
a continuous function of date of birth of student 7; and &; is a mean zero
error. I model the relationship between starting school at an older age and

the outcomes of interest using the following reduced-form equation:

The parameter [y captures the expected value of Y; for students whose
birthday is just before the cutoff date. The parameter §; corresponds to
the effect of delaying enrolment and starting school at an older age. I im-

plement a standard RD approach to estimate ;.
[ focus on estimating intention-to-treat (ITT) effects using reduced-form

regressions. Since date of birth (B;) is arguably randomly assigned (for-
mally, {V;,Y;(0),Y;(1)} 1L 1(B; > 0)), the ITT effects capture the causal
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effect of the offer of treatment by comparing the average Y; among students

assigned to treatment and students assigned to control.

Then, following the causal inference literature (Rubin, 1974; Holland, 1986),

the observed outcome for student ¢ is:
Y;=(1-T;) xY;(0)+T; x Y;(1) (3.2)

where T; = 1(B; > 0) denotes the assignment to the treatment; Y;(0)
and Y;(1) correspond to the potential outcomes that would be observed if
student ¢ had been born before and after the cutoff date, respectively. As
it is shown in Hahn et al. (2001), if E[Y;(1)|B; = 0] and E [Y;(0)|B; = 0]
are continuous functions of B; at B; = 0, the treatment effect 5; can be
identified by:

% = E[Yi(1) - Y,(0)|B; = 0] = im E Y[ B; = 0] ~ im E[¥i| B, = 0] (3.3)

I adopt a local-linear approach to approximate the unknown functions in
Equation 3.1, using a triangular kernel function to weight the observation
between a bandwidth h € [—h, +h]. To select the bandwidth, I follow the
procedure proposed by Calonico et al. (2014) by selecting the parameter h
that minimises an approximation to the asymptotic mean squared error of
the point estimator. Finally, for inference I use robust standard errors and

confidence intervals proposed by Calonico et al. (2014).

To study the spillover effects of siblings’ school starting age, I compare
outcomes of students whose siblings born right before and right after the
school-entry cutoff. I estimate a modified version of Equation 3.1, where
the threshold now refers to the threshold of child ¢’s sibling:

where Y; is the outcome of student ¢; B; denotes the date of birth of student
j = J(i), where J() is a function that maps student ¢ to their sibling j;
1(B; > 0) is an indicator function for whether student j born on or after
the cutoff date; f(B;) is a continuous function of date of birth of student

7; and v; is a mean zero error. The parameter of interest is ;, which rep-
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resents the causal effect of a sibling’s enrolment cutoff on a child outcome.
I use the method presented above to estimate ;. Equation 3.4 allows to
investigate the spillover effects from older to younger siblings, as well as

the spillover effects from younger to older siblings.'’

3.3.1 Validity of the discontinuity

A RD design will produce unbiased estimates of the treatment only if there
is no manipulation of the running variable around the threshold. To empir-
ically test the validity of the RD design, I consider two falsification tests.
First, I examine whether parents self-select into treatment by manipulat-
ing their date of birth, causing a jump in the density after the cutoff date.
Figure 3.2 shows a kernel density estimate of the date of birth for younger
(Panel 3.2a) and older siblings (Panel 3.2b). The graphical evidence sug-
gests that the empirical density is continuous across the threshold. To con-
firm this, I implement a formal test suggested by Cattaneo et al. (2018),
with the null hypothesis that the there is no jump in the density on July
1. In the case of younger siblings the p-value is 0.40, whereas in the case
of older siblings the p-value is 0.19. Therefore, we cannot reject the null
hypothesis of no differences in the density of treated and control observa-
tions at the eligibility cutoff. Overall, these results indicate that there is

no evidence of manipulation of the running variable at the cutoff.

Second, I test whether the observable characteristics of students are bal-
anced on the two sides of the school-entry cutoff. If there is a non-random
sorting around assignment cutoff, it should be expected that students on
one side of the threshold to be systematically different from those on the
other side. In order to implement the analysis, I estimate reduced-form
regressions using each covariate as the outcome variable. I use information

available on student characteristics, which includes gender, whether lives in

10A potential concern is that the date of birth of the student (B;) might be correlated
with the date of birth of their sibling (B;), in which case B; (B;) is an omitted variable
in Equation 3.4 (Equation 3.1). However, a regression of the date of birth of the student
i (B;) on the date of birth of their sibling (B;) — controlling for student characteristics
(gender, whether lives in the capital, monthly family income, mother’s schooling, father’s
schooling, and family size) — shows that there is no correlation between the dates of birth.
The regression yields an estimate of 0.002 (0.002).
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FIGURE 3.2. Estimated density of date of birth relative to school-entry cutoff
date

(a) Younger Sibling (b) Older Sibling
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Notes: Panels (a) an (b) show an estimated density of date of birth within -/4150 days
with shaded 95% confidence intervals using 200 points and a bandwidth of 5 days, for
younger siblings and the older siblings, respectively. The dashed line corresponds to 1st
of July.

the capital, monthly family income, mother’s schooling, father’s schooling,
family size, whether parents are employed and health coverage status.!! I
report the regression results in Panel (a) of Table 3.3. There are no dis-
continuities in pre-determined variables: there are no differences between
the characteristics of students born before and after the school-entry cut-
off. The balance of pre-determined variables on either side of the cutoff
holds when the analysis is performed separately for younger (Panel (b) of
Table 3.3) and older siblings (Panel (c¢) of Table 3.3). Furthermore, to test
the presence of sibling spillovers, I investigate whether covariates are also
“locally” balanced on the two sides of the threshold using sibling’s school
starting age cutoff as a running variable. Table 3.4 presents the balancing
tests performed separately for younger (Panel (a) of Table 3.4) and older
siblings (Panel (b) of Table 3.4). The results indicate that student charac-

teristics are balanced on both sides of the threshold.

"The information on whether parents are employed (Father employed and Mother em-
ployed) and health coverage status (Public health coverage) is only available for 393,794
students (76% of the sample).
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TABLE 3.3. Balance on pre-determined covariates

Covariate RD estimator Std. err. Obs. left Obs. right Bandwidth Observations
(1) (2) (3) (4) (5) (6)

(a) All students

1=Female -0.003 0.006 85,218 89,729 63.26 520,786
1=Lives in the capital 0.000 0.006 50,529 52,485 37.99 520,786
Monthly family income 7.649 4.985 55,642 58,256 41.17 520,786
Mother’s schooling 0.008 0.042 58,353 61,153 43.28 520,786
Father’s schooling 0.018 0.061 59,725 62,645 44.64 520,786
Family size 0.004 0.020 67,879 70,828 50.60 520,786
1=Father employed -0.004 0.006 70,425 75,184 69.34 393,455
1=Mother employed 0.005 0.009 48,061 50,372 47.24 393,455
1=Public health coverage -0.000 0.008 60,326 63,748 59.18 393,455
(b) i: Younger sibling
1=Female -0.009 0.008 41,984 40,119 61.93 260,393
1=Lives in the capital 0.007 0.007 38,718 36,815 56.47 260,393
Monthly family income 10.319 8.009 40,117 38,178 58.56 260,393
Mother’s schooling 0.043 0.064 23,504 22,240 34.87 260,393
Father’s schooling 0.039 0.074 28,900 27,585 42.87 260,393
Family size -0.009 0.023 33,143 31,417 48.25 260,393
1=Father employed -0.002 0.008 27,235 25,880 62.72 166,174
1=Mother employed -0.001 0.012 30,936 29,803 70.91 166,174
1=Public health coverage -0.007 0.011 29,082 27,762 66.35 166,174
(c) i: Older sibling
1=Female 0.001 0.009 40,508 46,513 61.51 260,393
1=Lives in the capital -0.005 0.010 32,065 36,537 48.52 260,393
Monthly family income 4.918 8.588 31,422 35,776 47.14 260,393
Mother’s schooling -0.058 0.051 38,662 44,299 58.21 260,393
Father’s schooling -0.001 0.075 33,394 38,069 50.85 260,393
Family size 0.015 0.023 33,394 38,069 50.02 260,393
1=Father employed -0.008 0.008 40,521 46,643 70.73 227,281
1=Mother employed 0.007 0.011 23,457 26,455 40.53 227,281
1=Public health coverage 0.009 0.009 26,774 30,296 46.06 227,281

Notes: Table shows the estimated discontinuity in each covariate at the threshold. The running variable corre-
sponds to the student’s date of birth relative to the eligibility threshold. Results based on the empirical strategy
that implements a RD following the methodology proposed by Calonico et al. (2014), with a polynomial of or-
der one and weighted by triangular kernel. Standard errors are clustered at the running variable at daily level.
*p < 0.10, **p < 0.05, ***p < 0.01.

3.4 Results

3.4.1 Discontinuities in enrolment age

The Ministry of Education establishes the school entry cutoff date on the
1st of July, but schools are free to implement any cutoff before that date.
However, the latest enrolment cutoff —i.e. 1st of July — is the most common

enrolment rule.'? Figure 3.5 plots the enrolment age in grade 1 against

12T analyse how prevalent among the students and the schools is the 1st of July as
an enrolment cutoff, using data on 1st grade students between 2004-2017. The sample
comprises a population of 3,335,764 students enrolled in 9,685 schools. The compliance
with the July 1 cutoff is almost universal: 99.9% of the students enrolled in grade 1 turn
six years old before July 1. At the school level, 76.7% of the schools systematically use
July 1 as their enrolment cutoff; followed by June 1 (8.7%), March 1 (5.3%) and May 1
(3.8%). 529 schools (5.5%) do not comply with the July 1 rule at some point.
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TABLE 3.4. Balance on pre-determined covariates (sibling spillovers)

Covariate RD estimator Std. err. Obs. left Obs. right Bandwidth Observations
(1) 2) (3) (4) (5) (6)

(a) Older-to-younger

1=Female 0.005 0.009 50,414 58,752 76.16 260,393
1=Lives in the capital -0.005 0.010 32,065 36,537 48.52 260,393
Monthly family income 4.918 8.588 31,422 35,776 47.14 260,393
Mother’s schooling -0.058 0.051 38,662 44,299 58.21 260,393
Father’s schooling -0.001 0.075 33,394 38,069 50.85 260,393
Family size 0.015 0.023 33,394 38,069 50.02 260,393
1=Father employed 0.005 0.008 24,005 28,023 57.74 166,174
1=Mother employed 0.006 0.010 17,347 20,268 41.41 166,174
1=Public health coverage 0.013 0.012 22,776 26,495 54.69 166,174
(b) Younger-to-older
1=Female 0.003 0.008 22,135 20,937 32.45 260,393
1=Lives in the capital 0.007 0.007 38,718 36,815 56.47 260,393
Monthly family income 10.319 8.009 40,117 38,178 58.56 260,393
Mother’s schooling 0.043 0.064 23,504 22,240 34.87 260,393
Father’s schooling 0.039 0.074 28,900 27,585 42.87 260,393
Family size -0.009 0.023 33,143 31,417 48.25 260,393
1=Father employed 0.001 0.006 31,765 30,483 53.41 227,281
1=Mother employed 0.008 0.012 25,067 24,224 42.35 227,281
1=Public health coverage -0.007 0.010 37,566 36,524 63.16 227,281

Notes: Table shows the estimated discontinuity in each covariate at the threshold. The running variable corre-
sponds to the sibling’s date of birth relative to the eligibility threshold. Results based on the empirical strategy
that implements a RD following the methodology proposed by Calonico et al. (2014), with a polynomial of or-
der one and weighted by triangular kernel. Standard errors are clustered at the running variable at daily level.
*p < 0.10, **p < 0.05, ***p < 0.01.

date of birth. Each dot is the average enrolment age for all students within
each day of birth. There are clear increases in enrolment age at B =
{=90,—60, —30,0} — which corresponds to the first days of April, May,
June, and July, respectively. This figure suggests discontinuities of about
0.5 years at B = {0}, and small increases at B = {-90}, B = {—60}
and B = {—30}. To formally investigate the presence of discontinuities in

enrolment age, I estimate the following regression model:

4
k=1

where SSA; is the school starting age of student i; 1(B; > By,) is an indi-
cator function for whether student i born on or after the cutoff date By,
with By = {90}, By = {—60}, Bs = {30}, B, = {0}; g(B;) is a piecewise
linear polynomial®; X; is a covariate set that includes student characteris-
tics (gender, whether lives in the capital, monthly family income, mother’s

schooling, father’s schooling and family size) and birth-year dummies; and

BDefined as: g(B;) = 0o X B; + Y 5_, 0 x 1(B; > By) x (B; — By).
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v; is a mean zero error. Table 3.5 presents the estimates of Equation 3.5.
The results confirm the discontinuities at B = {—90, —60, —30,0}. Stu-
dents born in June — just before the eligibility threshold at B = {0} — start

school 0.45 years younger than students born in July.

F1GURE 3.3. Enrolment age and date of birth

T
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Day of birth (Cutoff 1st of July)
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Notes: The dots are mean values of the school starting age within each day of birth.

3.4.2 The effect of own school starting age on PSU

test scores

This section presents evidence on the effects of school starting age on col-
lege admission exams. Figure 3.4 shows how PSU test scores change with
the school-entry cutoff for younger (Panel (a)) and older siblings (Panel
(b)). Consistent with the literature, children born after the 1st of July
tend to score higher on standardised exams, even when it comes to tests
taken 12 years after school enrolment. In addition, the effect of the school

entry cutoff date is larger for younger siblings vis-a-vis older siblings.

Table 3.6 reports the regression results. Column (1) reports reduced-form
effects using a non-parametric model following the methodology proposed
by Calonico et al. (2014). The results confirm the visual analysis. The

results are quite revealing in several ways. First, they suggest that delay-
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TABLE 3.5. Discontinuities in enrolment age at different birth date cutoffs

(1) (2) (3) (4)
1(B; > —90) 0.090*** 0.088*** 0.079*** 0.097***
( 0.006) ( 0.006) ( 0.006) (0.011)
1(B; > —60) 0.070*** 0.070*** 0.072*** 0.066***
( 0.007) ( 0.007) ( 0.008) ( 0.009)
1(B; > —30) 0.115%** 0.113*** 0.114*** 0.112%**
( 0.006) ( 0.006) ( 0.007) ( 0.009)
1(B; > 0) 0.454%*  0.444**  0.476**  0.411%**
( 0.004) ( 0.004) ( 0.005) ( 0.006)
Birth-year dummies Yes Yes Yes
Controls Yes Yes Yes
R-squared 0.213 0.299 0.329 0.271
Observations 520,786 520,786 260,393 260,393

Notes: Columns (2)—(4) control for student characteristics (gender,
whether lives in the capital, monthly family income, mother’s schooling,
father’s schooling, and family size) and birth-year dummies. Columns
(3) and (4) present the estimates for younger and older siblings, respec-
tively. Standard errors are clustered at the running variable at daily
level. *p < 0.10, **p < 0.05, ***p < 0.01.

FIGURE 3.4. Conditional mean plots by local linear regressions: PSU test scores
at the threshold

(a) Younger sibling (b) Older sibling
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Notes: Panels (a) an (b) show the discontinuity of the average PSU test score at the
threshold for younger and older siblings, respectively. The dashed line corresponds to
1st of July. The graphs show conditional mean plots using local linear regression with
shaded 95% confidence intervals within a MSE-optimal bandwidth (Panel (a) bandwidth:
52 days; Panel (b) bandwidth: 49 days), with triangle kernel function and a 1st order
polynomial, on a grid of 50 points on each side of the cutoff.
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ing school enrolment increases PSU test scores. Column (2) presents RD
estimates controlling for student characteristics (gender, whether lives in
the capital, monthly family income, father’s schooling, mother’s schooling,
and household size). The inclusion of covariates does not significantly af-
fect the RD estimates. The stability of the estimates can be interpreted
as evidence that the no-manipulation assumption holds (Lee and Lemieux,
2010). Column (3) shows the results of local linear regressions within the
optimal bandwidth in Column (2), yielding to similar estimates to the base-

line model in Column (1).

However, results from previous section show that there are four clear dis-
continuities at different enrolment cutoff dates, namely April 1, May 1,
June 1, and July 1. Therefore, a model that does not jointly consider all
the discontinuities might lead to misspecification bias. To address this fur-
ther concern, I estimate a model that limits the sample to children born 30
days before and after the July 1 cutoff. In other words, I will be comparing
the PSU test scores of students born in June with students born in July.
The results are shown in Column (4). Reassuringly, these estimates are
close to the RD estimates in Columns (1) to (3).

In addition, the same patterns and discontinuities are observed for other
outcomes. Specifically, I examine the effects of age differences on five other
outcomes: 4th grade test scores, 8th grade test scores, 10th grade test

scores, high school grades and college enrolment (see Appendix C.2).

Finally, the results show that skill gaps at the threshold are larger for
younger siblings than for older siblings. In other words, younger siblings
are more affected by the school starting age. In particular, using the model
reported in Column (4) the effect on PSU test scores is 0.050 higher for
younger siblings relative to older siblings. This difference is statistically

significant at the 1 percent level.
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TABLE 3.6. The effect of own school starting age on PSU test scores

(1) (2) (3) (4)
Younger sibling;: 0.099*** 0.099*** 0.074***  0.091***
1(B; > 0) (0.017) ( 0.018) (0.012) (0.016)
95% C.I. [.065 ; .134] [.064 ; .134]
Effective obs.: Left 35,190 24,242
Effective obs.: Right 33,425 22,894
Optimal Bandwidth 51.98 35.84
Observations 260,393 260,393 152,632 40,470
Older sibling: 0.031%** 0.033*** 0.053***  0.039***
1(B; > 0) (0.012) ( 0.010) ( 0.009) (0.011)
95% C.I. [.008 ; .053] [.012; .053]
Effective obs.: Left 32,750 30,088
Effective obs.: Right 37,263 34,294
Optimal Bandwidth 49.13 45.08
Observations 260,393 260,393 155,687 43,437
Controls Yes Yes Yes

Notes: Table shows the effects of school starting age on PSU test scores
for younger siblings and older siblings. Results in Columns (1) and (2)
are based on the empirical strategy that implements a RD following the
methodology proposed by Calonico et al. (2014), with a polynomial of or-
der one and weighted by triangular kernel. Results in Columns (3) and (4)
are based on linear regressions within the optimal bandwidth of Column (2)
and within +/- 30 days, respectively. Column (1) presents regression with
no controls; while Columns (2)-(4) include student characteristics as controls
(gender, whether lives in the capital, monthly family income, father’s school-
ing, mother’s schooling, and household size). Standard errors are clustered
at the running variable at daily level. *p < 0.10, **p < 0.05, ***p < 0.01.

3.4.3 The effect of sibling school starting age on PSU

test scores

In this section, I start by investigating the presence of spillovers on college
entrance exams generated by birth date cutoff rules. Figure 3.5 plots the
PSU test scores of students against their sibling’s school starting age cutoft
for younger siblings (older-to-younger sibling spillovers) and older siblings
(younger-to-older sibling spillovers). This shows that older siblings have
higher scores if their sibling was born on or just after the enrolment cutoff.
Put differently, older siblings benefit from younger siblings starting school

at an older age. By contrast, no effects are found for younger siblings.
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FI1GuRE 3.5. Conditional mean plots by local linear regressions: PSU test scores
at the threshold

(a) Older-to-younger (b) Younger-to-older
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Notes: Panels (a) an (b) show the discontinuity of the average PSU test score at the
threshold for younger and older siblings, respectively. The dashed line corresponds to
1st of July. The graphs show conditional mean plots using local linear regression with
shaded 95% confidence intervals within a MSE-optimal bandwidth (Panel (a) bandwidth:
48 days; Panel (b) bandwidth: 66 days), with triangle kernel function and a 1st order
polynomial, on a grid of 50 points on each side of the cutoff.

The RD estimates presented in Table 3.7 confirm the graphical evidence.
The baseline estimate, in Column (1), indicates that older siblings score
0.050 higher when their siblings born on or just after the cutoff date,
whereas no effect is observed for younger siblings. Column (2) presents
RD estimates controlling for student characteristics (gender, monthly fam-
ily income, father’s schooling, mother’s schooling, and household size).
The inclusion of covariates does not significantly affect the RD estimates.
Columns (3) and (4) present local-linear regressions within the optimal
bandwidth and within +/- 30 days of the 1st of July, respectively. These
specifications predict similar gains for older siblings, 0.03¢ in Column (3)
and 0.060 in Column (4); whereas suggest no gains for younger siblings.
Table C.3 in Appendix C.3 reports the discontinuities in other outcomes:
in-school test scores, high school grades and college enrolment. Crossing
the enrolment cutoff leads to similar patterns in these outcomes. Except for
test scores in 4th grade, older siblings with siblings born on the right-hand
side of the eligibility threshold outperform those on the left-hand side. In-
terestingly, I also find a negative and significant effect on high school grades

for younger siblings.
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TABLE 3.7. The effect of sibling school starting age on PSU test scores

(1) (2) (3) (4)
Older-to-younger: -0.013 -0.010 -0.005 -0.002
1(B; > 0) (0.017) (0.017) ( 0.009) (0.016)
95% C.I. [-.047 ; .021]  [-.043 ; .022]
Effective obs.: Left 32,065 28,785
Effective obs.: Right 36,537 32,920
Optimal Bandwidth 48.05 43.43
Observations 260,393 260,393 153,582 43,437
Younger-to-older: 0.051*** 0.052*** 0.031***  0.056***
1(B; > 0) ( 0.019) ( 0.018) (0.011) (0.018)
95% C.I. [.014 ; .088] [.017 ; .087]
Effective obs.: Left 45,516 31,699
Effective obs.: Right 43,731 30,041
Optimal Bandwidth 66.26 46.83
Observations 260,393 260,393 161,155 40,470
Controls Yes Yes Yes

Notes: Table shows the effect of sibling school starting age on PSU test scores
for younger siblings (older-to-younger) and older siblings (younger-to-older).
Results in Columns (1) and (2) are based on the empirical strategy that im-
plements a RD following the methodology proposed by Calonico et al. (2014),
with a polynomial of order one and weighted by triangular kernel. Results in
Columns (3) and (4) are based on linear regressions within the optimal band-
width of Column (2) and within +/- 30 days, respectively. Column (1) presents
regression with no controls; while Columns (2)-(4) include student character-
istics as controls (gender, whether lives in the capital, monthly family income,
father’s schooling, mother’s schooling, and household size). Standard errors
are clustered at the running variable at daily level. *p < 0.10, **p < 0.05,
**p < 0.01.

3.4.4 Heterogeneity in sibling spillovers

In the previous sections, I have shown that sibling school starting age has
a positive a significant effect on older siblings’ PSU test scores, whereas no
spillovers are found in the case of younger siblings. In this section I ex-
plore whether these effects differ by student characteristics, in an attempt
to uncover underlying mechanisms. The results are presented in Figure

3.6 and Table 3.8. I find no evidence of effect heterogeneity on older-to-

103



younger sibling spillovers (see Columns (1) to (4) in Table 3.8). In contrast,
younger-to-older spillovers exhibit substantial heterogeneity (see Columns

(5) to (8) in Table 3.8).

First, I explore differences in younger-to-older spillovers based on the gen-
der of the student. Only female students experience spillovers (0.1¢), while
male students are not affected by their sibling school starting age. Then,
I test whether sibling spillovers has a stronger impact in same-gender sib-
lings vis-a-vis opposite-gender siblings. I find no systematic differences by
siblings’ gender composition. Next, I examine differences by student’s fam-
ily background. Students from high-income families with more educated
parents tend to exhibit larger spillover effects. Also, I analyse whether sib-
ling spillovers vary with sibling’s timing of school start. To test for this, I
split the sample into students by grade level: those who were in the first
stage of elementary school — between grade 1 and grade 4 — and those who
were in higher grades — between grade 5 and grade 12, when their sibling
makes the transition into school. The estimates indicate that the impact is
statistically significant for those students in grade 1 to 4, and it is insignif-
icant for those students in higher grades. Finally, I test for heterogeneous
threshold-crossing effects by school performance one year before their sib-
ling make the transition into school in year ¢t.'* In particular, I split the
sample into three bins of equal size using school GPA in (¢ — 1). Inter-
estingly, the impact is only significant for those students with high levels
of performance. I find no sibling spillovers for those students with low or

medium performance.

As an additional test of the robustness, I estimate heterogeneous responses
using local linear regression within the optimal bandwidth reported in Ta-
ble 3.8 (see Appendix C.4). Using local linear regressions allows me to
test whether the effect significantly varies by student characteristics. This
approach delivers remarkably similar estimates. Furthermore, when look-

ing the sibling spillovers running from the younger child to the older, the

14The school grades have been standardised at school-grade-year level, to account for
school grading standards in a particular grade-year combination. Information about
academic performance before their sibling starts school (GPA;_;) is only available for
51% of older siblings. It is worth mentioning that the sibling spillover effect still exists
using this sub-sample and is equal to 0.050.
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results indicate that only the differences by father’s schooling and school
performance in (¢t — 1) are statistically significant at the 5 percent level,
whereas the difference by school timing is statistically significant at the 1

percent level.

FIGURE 3.6. The effect of sibling school starting age on PSU test scores by
student characteristics

(a) Older-to-younger
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(b) Younger-to-older
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Notes: Panels show heterogeneous effect of sibling school starting age on PSU by student
characteristics. Panels (a) and (b) shows these effects for younger siblings (older-to-
younger) and older siblings (younger-to-older), respectively. These figures are based on
the empirical strategy proposed by Calonico et al. (2014), with a polynomial of order
one and weighted by triangular kernel.
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TABLE 3.8. The effect of sibling school starting age on PSU test scores by
student characteristics

Older-to-younger Younger-to-older
RD Std. err. Bandwidth Obs. RD Std. err.  Bandwidth Obs.
1) (2) (3) (4) (5) (6) (7) (8)

Gender

Female -0.001 0.022 67.81 136,260 0.097*** 0.029 36.63 135,793

Male -0.027 0.031 57.98 124,133  0.047 0.031 48.43 124,600
Gender composition

Same-gender -0.031 0.027 48.79 140,554  0.053** 0.021 60.35 140,554

Opposite-gender 0.006 0.020 51.99 119,839  0.054** 0.026 65.10 119,839
Income

Below median -0.005 0.025 45.04 129,642 0.039* 0.021 46.12 129,642

Above median -0.020 0.022 49.54 130,751  0.080*** 0.031 53.82 130,751
Father completed HS

No -0.036 0.027 45.42 73,759  -0.015 0.026 66.92 73,759

Yes -0.008 0.020 50.79 186,634 0.061*** 0.023 69.81 186,634
Mother completed HS

No -0.028 0.029 55.66 70,746  0.045* 0.026 58.87 70,746

Yes 0.003 0.018 57.23 189,647 0.054*** 0.020 65.99 189,647
Timing

Grade 1 —4 0.087*** 0.028 34.86 156,713

Grade 5 — 12 0.027 0.035 40.83 103,680
GPA,_,

Low 0.019 0.030 40.24 44,200

Medium 0.016 0.039 64.25 44,201

High 0.101** 0.045 43.67 44,199

Notes: Table shows show the heterogeneous effects for younger (older-to-younger) and older siblings (younger-to-
older) by student characteristics. Results are based on the empirical strategy that implements a RD following the
methodology proposed by Calonico et al. (2014), with a polynomial of order one and weighted by triangular kernel.
Standard errors are clustered at the running variable at daily level. *p < 0.10, **p < 0.05, ***p < 0.01.

3.5 Potential channels

The results reveal a significant spillover effect from younger-to-older sib-
lings. Older siblings do significantly better in college admission exams
if their sibling starts school at an older age and delays their school enrol-
ment. In contrast, there are no spillovers in the opposite direction, i.e. from
older-to-younger siblings. In this section, I explore the potential mecha-

nisms underlying these effects.

One mechanism that may be important is the timing of the enrolment
“shock”. By definition, for older siblings the shock happens when younger
siblings are not yet at school, but for younger siblings it takes place while
the older sibling is already at school. This could lead to different parental

responses according to which child is affected. For example, if the older
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child struggles at school in grade 1 — because she starts school younger than
her classmates — it does not immediately have any effect on the younger
child because she has not yet started school. However, when the younger
child struggles at school, it indirectly affects how much time parents can de-
vote to the older child, because parents have limited time to help their chil-
dren with school work. Table 3.9 shows the relationship between parental
investments — reported by parents in grade 4 and by students in grade

> These results confirm the timing

8 — and sibling school starting age.!
hypothesis. Column (1) reports the effects on parental investments for
younger siblings (i.e. spillovers from older-to-younger). The RD estimates
suggest no cross-threshold changes on parental investments. Column (2)
reports the effect on parental investments for older siblings (i.e. spillovers
from younger-to-older). The results reveal a positive relationship between
parental investments and sibling school starting age. In other words, par-
ents invest more in the older child when the younger delayed school enrol-

ment.

It is also possible that parental investment could in part explain the hetero-
geneous effects found in the previous section. First, we might expect that
parental investments are contingent on the age of the student. For exam-
ple, if the older child is in a higher grade when their sibling starts school,
it can be expected that the “loss” in terms of help or motivation from their
parents is limited, compared to the case in which the older child is in a
lower grade and needs more help in her school work. Second, we would
expect that changes in parental investments, because of younger sibling’s
transition into primary school, are not independent from the performance
of the older child. In particular, if before the “shock” the older child is

15Information about parental investment in grade 4 and grade 8 is only available for
a limited sample. As a robustness check, I show the RD estimates of the main outcome
(PSU test scores) using these two samples. Because of the sample size the results are
less precise. Nevertheless, the results confirm positive and significant spillovers from
younger-to-older siblings, and null spillovers from older-to-younger siblings. On the
other hand, in Appendix C.5 I show the results of Table 3.9 using the raw measures of
parental investment variable. Investments are on a scale of 1 to 5 for responses from
parents in fourth grade, and on a scale of 1 to 4 for responses from students in eighth
grade. The results in grade 8 are robust to the way the students’ answers are grouped:
older siblings tend to receive more attention from their parents when their sibling starts
the school older. I find positive — but imprecise — effects using parental responses in 4th
grade.
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TABLE 3.9. Parental investments and sibling school starting age

Older-to-younger  Younger-to-older

(1) (2)

(a) 4th grade (Parent Responses)

1=Read to child -0.019 0.060
( 0.037) ( 0.063)
1=Parent—child joint reading -0.057 0.124*
(10.043) (10.064)
1=Talk about their readings -0.006 0.134***
( 0.037) (10.047)
PSU test scores -0.075 0.191*
(0.077) ( 0.107)
Observations 14,026 5,809

(b) 8th grade (Student Responses)

1=Parent congrats for grades 0.023 0.040**
( 0.015) ( 0.019)
1=Parent knows grades in school 0.010 -0.017
( 0.018) ( 0.025)
1=Parent willing to help -0.012 0.058***
(0.011) ( 0.022)
PSU test scores -0.014 0.111**
( 0.031) ( 0.053)
Observations 71,769 27,810

Notes: Table shows the effect of sibling school starting age on parental invest-
ments in grades 4 and 8 for younger siblings (older-to-younger) — Column (1)
— and older siblings (younger-to-older) — Column (2). Results are based on
the empirical strategy that implements a RD following the methodology pro-
posed by Calonico et al. (2014), with a polynomial of order one and weighted
by triangular kernel. Standard errors are clustered at the running variable at
daily level. *p < 0.10, **p < 0.05, ***p < 0.01.

already struggling at school, parents might decide to avoid or reduce any
resource reallocation from their older child to the younger. This could ex-
plain why the positive spillover effect is only present for older children who

exhibit higher levels of school performance.

Finally, the results might also be explained by the differences in the size of
the “shock” for older and younger siblings. In particular, we would expect
that a smaller “shock” has smaller own effects and smaller spillovers within
the family. Older siblings are less affected by the school starting age, and

so the spillover effects produced by the shock could also be lower.
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3.6 Conclusions

This chapter asks whether children’s school starting age affect long run
educational outcomes of their siblings. To address this question, I combine
administrative data from Chile and take advantage of the variation gen-
erated by an enrolment cutoff. I start by documenting the effect of own
school starting age on student achievement. The findings are consistent
with the literature, older school starters perform better on in-school out-
comes, such as standardised test and school grades. Moreover, these effects
persist even 12-13 years after starting the school: children who start the
school later tend to score higher in college admission exams and are more
likely to enrol in college. I also show that older siblings are less affected by

school entry policies vis-a-vis younger siblings.

Then, I test whether school entry policies have spillover effects within the
family. In this regard, I find positive spillovers from younger-to-older sib-
lings. Specifically, older siblings score 0.05¢ higher in college admission
exams if their sibling enters school at an older age. No spillover effect is
found from older-to-younger siblings. In addition, the gains accrue only
to students coming from high-income families, who are close in age to the
younger sibling and have higher school grades before their sibling make the
transition into school. Altogether, the findings of this chapter are consis-
tent with a model of joint formation of human capital, and suggest the need
to account for a wider set of spillover effects when designing, implementing,

and evaluating educational interventions.

Moreover, by exploiting rich information from a survey of parents and stu-
dents, I explore several potential channels through which these results can
be explained. I find that older siblings tend to receive less attention from
their parents when their sibling starts school at a younger age. I interpret
this finding as evidence of parents responding to endowment differentials
among their children following a compensatory strategy, i.e. devoting more
resources to children with lower endowments. However, these results are

far from conclusive. The questions remain as to which mechanisms can
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explain why the younger sibling’s school starting age can have an effect on
older sibling’s learning and performance; and why we do not observe an
effect in the other direction, i.e. spillovers from older-to-younger. This is

left for future research.
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Appendix A

A.1 Gender grading gaps by year-grade com-

binations

TABLE A.1l. Gender gap in grading using different year-grade combina-
tions: Spanish

Year 4th grade 6th grade 8th grade 10th grade

(1) (2) (3) (4)
2011 0.047%** - 0.177"** _
(0.006) (0.007)
2012 0.054*** - - 0.180**
(0.006) (0.011)

2013 0.060***  0.209%**  0.241***  0.194***
(0.005)  (0.006)  (0.007) (0.010)

2014 0.075"*  0.175%*  0.212**  0.181***
(0.005)  (0.006)  (0.007) (0.011)

2015 0.077°**  0.196***  0.214**  0.110***
(0.005)  (0.006)  (0.007) (0.011)

2016 0.118***  0.209%** - 0.118**
(0.006)  (0.006) (0.011)
2017 0.120** - 0.200%**  0.125**
(0.006) (0.007) (0.011)
2018 0.126%*  0.188%** - 0.121%*
(0.006)  (0.007) (0.011)

Notes: Each cell in this table reports the gender gap coef-
ficient () from Equation 1.7 for each year-grade combina-
tion available. Standard errors are clustered at school level
and are reported in parentheses. *p < 0.10, **p < 0.05,
**p < 0.01.
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TABLE A.2. Gender gap in grading using different year-grade combina-
tions: Math

Year 4th grade 6th grade 8th grade 10th grade

(1) (2) (3) (4)
2011 0.102*** - 0.157*** -
(0.005) (0.007)
2012 0.081%** - - 0.104***
(0.005) (0.010)

2013 0.063***  0.189***  0.201***  0.152***
(0.005)  (0.006)  (0.007) (0.010)

2014 0.075**  0.195***  0.195**  0.110***
(0.005)  (0.006)  (0.007) (0.011)

2015 0.057***  0.183***  0.254**  0.112***
(0.006)  (0.006)  (0.007) (0.010)

2016 0.086***  0.207*** - 0.123***
(0.006)  (0.006) (0.010)
2017 0.102*** - 0.200%**  0.143**
(0.006) (0.007) (0.009)
2018 0.102%**  0.173*** - 0.171%*
(0.006)  (0.006) (0.009)

Notes: Each cell in this table reports the gender gap coef-
ficient () from Equation 1.7 for each year-grade combina-
tion available. Standard errors are clustered at school level
and are reported in parentheses. *p < 0.10, **p < 0.05,
**p < 0.01.
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A.2 Gender gap by student’s ability

TABLE A.3. Gender gap by student’s ability

All Low-ability High-ability
(below median) (above median)
(1) (2) (3)
(a) Subject: Spanish
6th grade 0.161*** 0.146*** 0.220***
(0.003) (0.004) (0.004)
8th grade 0.175%** 0.168*** 0.233***
(0.004) (0.005) (0.005)
10th grade 0.118*** 0.121*** 0.157***
(0.007) (0.009) (0.006)
(b) Subject: Math
6th grade 0.200*** 0.188*** 0.194***
(0.003) (0.004) (0.004)
8th grade 0.222%** 0.210*** 0.199***
(0.004) (0.005) (0.005)
10th grade 0.155%** 0.128*** 0.143***
(0.008) (0.010) (0.006)

Notes: Each cell in this table reports the gender gap coefficient (y) from
Equation 1.6 for each category. Student’s ability is measured using 4th
grade SIMCE test scores. Low (high) ability students refers to students
below (above) the median ability. Standard errors are clustered at
school level and are reported in parentheses. *p < 0.10, **p < 0.05,

=t < 0.01.
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A.3 Gender grading gaps: additional checks

a. By school type:

TABLE A.4. Gender gap in grading by school type

All Public  Voucher Private
(1) (2) (3) (4)

(a) Subject: Spanish

Ath grade 0.083°*  0.088"** 0.085***  0.086***
(0.002)  (0.004)  (0.003)  (0.007)
6th grade 0.196**  0.237"** 0.184***  0.159***
(0.003)  (0.006)  (0.004)  (0.010)
8th grade 0.209°*  0.231"**  0.203***  0.210***
(0.004)  (0.006)  (0.005)  (0.012)
10th grade 0.147°*  0.167*  0.143***  0.136***

(0.007)  (0.017)  (0.007)  (0.013)

(b) Subject: Math

4th grade 0.083°*  0.101***  0.083***  0.058***
(0.002)  (0.004)  (0.003)  (0.007)
6th grade 0.190***  0.249"**  0.181***  0.141***
(0.003)  (0.006)  (0.004)  (0.008)
8th grade 0.202°*  0.248"**  0.199***  0.175***
(0.004)  (0.008)  (0.005)  (0.011)
10th grade 0.131%**  0.169"**  0.124**  0.159***

(0.007)  (0.017)  (0.007)  (0.010)

Notes: Each cell in this table reports the gender gap coefficient ()
from Equation 1.7 for each category. Standard errors are clustered
at school level and are reported in parentheses. *p < 0.10, **p <
0.05, ***p < 0.01.
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FicURE A.1. Gender gap by school type
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b. By school size:

TABLE A.5. Gender gap in grading by school size

All Small  Medium  Large
“v @ B M
(a) Subject: Spanish
4th grade 0.083***  0.097***  0.081***  0.080***
(0.002)  (0.004)  (0.004)  (0.004)
6th grade 0.196™*  0.227***  0.194*** 0.167***
(0.003)  (0.005)  (0.006)  (0.006)
8th grade 0.209***  0.238***  0.211***  0.184***
(0.004)  (0.005)  (0.006)  (0.007)
10th grade 0.147*** 0.193***  0.145***  0.125***
(0.007)  (0.009)  (0.012)  (0.011)
(b) Subject: Math
4th grade 0.083***  0.104***  0.085*** 0.070***
(0.002)  (0.004)  (0.004)  (0.004)
6th grade 0.190***  0.225***  0.193*** 0.167***
(0.003)  (0.005)  (0.006)  (0.006)
8th grade 0.202***  0.257***  0.197***  0.173***
(0.004)  (0.006)  (0.007)  (0.006)
10th grade 0.131***  0.165***  0.136™* 0.115***
(0.007)  (0.009)  (0.012)  (0.011)

Notes: The sample is divided using an indicator of whether the
school is among the lowest third (Small), middle third (Medium)
or highest third (Large) of the school size distribution. Each cell in
this table reports the gender gap coefficient () from Equation 1.7
for each category. Standard errors are clustered at school level and
are reported in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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FicURE A.2. Gender gap by school size
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¢. Urban and rural schools:

TABLE A.6. Gender gap in grading in urban and rural schools

All Urban Rural
(1) (2) (3)

(a) Subject: Spanish

4th grade 0.083***  0.083***  0.091***
(0.002)  (0.002)  (0.009)
6th grade 0.196**  0.192***  0.262**
(0.003)  (0.003)  (0.013)
8th grade 0.209***  0.206***  0.279***
(0.004)  (0.004)  (0.015)
10th grade 0.147**  0.146***  0.207*

(0.007)  (0.007)  (0.035)

(b) Subject: Math

4th grade 0.083"**  0.082*** 0.119***
(0.002)  (0.002)  (0.010)
6th grade 0.190"**  0.187***  0.258***
(0.003)  (0.003)  (0.014)
8th grade 0.202°**  0.198***  0.306***
(0.004)  (0.004)  (0.015)
10th grade 0.131"*  0.130***  0.211***

(0.007)  (0.007)  (0.031)

Notes: Each cell in this table reports the gender gap co-
efficient () from Equation 1.7 for each category. Stan-
dard errors are clustered at school level and are reported
in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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F1GURE A.3. Gender gap in urban and rural schools
(a) Spanish
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d. By region:

TABLE A.7. Gender gap in grading by region: Spanish

All Region 1 Region 2 Region 3
4th grade 0.083*** 0.063*** 0.068*** 0.057***
(0.002) (0.013) (0.011) (0.018)
6th grade 0.196*** 0.176*** 0.170*** 0.180***
(0.003) (0.018) (0.014) (0.029)
8th grade 0.209*** 0.242%** 0.212%** 0.154%**
(0.004) (0.024) (0.016) (0.022)
10th grade  0.147*** 0.177*** 0.142* 0.125*
(0.007) (0.026) (0.073) (0.066)

Region 4 Region 5 Region 6 Region 7

4th grade 0.096*** 0.093*** 0.125%** 0.086***

(0.009) (0.007) (0.010) (0.011)
6th grade ~ 0.207***  0.182***  (.242%**  (.225%**
(0.014) (0.011) (0.014) (0.015)
8th grade  0.225%**  0.208***  0.220%**  (.245***
(0.018) (0.012) (0.017) (0.014)
10th grade  0.143***  0.196***  0.250***  0.177"**
(0.034) (0.026) (0.036) (0.016)

Region 8 Region 9 Region 10  Region 11

4th grade 0.094*** 0.096*** 0.096*** 0.124***

(0.006) (0.009) (0.011) (0.023)
6th grade  0.220%**  0.239***  0.213***  0.177***
(0.009) (0.013) (0.015) (0.037)
8th grade  0.216™*  0.230***  0.230***  0.206***
(0.010) (0.015) (0.015) (0.055)
10th grade  0.146***  0.169***  0.150***  0.147***
(0.017) (0.034) (0.028) (0.026)

Region 12 Region 13  Region 14  Region 15

4th grade 0.023 0.075***  0.059*** 0.012
(0.030) (0.004) (0.018) (0.017)
6th grade  0.154***  0.176***  0.246***  0.167***
(0.038) (0.005) (0.022) (0.030)
Sth grade  0.205%**  0.191***  0.226***  0.254***
(0.032) (0.005) (0.022) (0.028)
10th grade  0.144***  0.110%**  0.163***  0.124***
(0.046) (0.009) (0.034) (0.022)

Notes: Each cell in this table reports the gender gap coefficient (v)
from Equation 1.7 for each region. Standard errors are clustered at
school level and are reported in parentheses. *p < 0.10, **p < 0.05,
***p < 0.01.
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TABLE A.8. Gender gap in grading by region: Math

All Region 1 Region 2 Region 3

4th grade 0.083*** 0.061*** 0.098*** 0.104***
(0.002) (0.017) (0.011) (0.018)

6th grade 0.190*** 0.170*** 0.197*** 0.187***
(0.003) (0.023) (0.018) (0.025)

8th grade 0.202%** 0.215%** 0.237*** 0.189***
(0.004) (0.023) (0.020) (0.032)
10th grade 0.131*** 0.199*** 0.109** 0.165**
(0.007) (0.020) (0.053) (0.062)

Region 4 Region 5 Region 6 Region 7

4th grade 0.087*** 0.075*** 0.112%** 0.089***
(0.011) (0.008) (0.011) (0.010)

6th grade 0.179%** 0.185*** 0.225*** 0.232%**
(0.015) (0.010) (0.015) (0.013)

8th grade 0.204*** 0.193*** 0.229*** 0.226***
(0.020) (0.011) (0.016) (0.016)

10th grade 0.053 0.180*** 0.189*** 0.148***
(0.035) (0.021) (0.029) (0.020)

Region 8 Region 9 Region 10  Region 11

4th grade 0.096*** 0.126*** 0.082*** 0.135%**
(0.006) (0.010) (0.010) (0.026)

6th grade 0.206*** 0.246*** 0.209*** 0.199***
(0.008) (0.015) (0.015) (0.024)
8th grade 0.210*** 0.212*** 0.225*** 0.114*
(0.011) (0.021) (0.017) (0.067)

10th grade 0.128*** 0.092%*** 0.098*** 0.126**
(0.018) (0.026) (0.032) (0.057)

Region 12 Region 13  Region 14  Region 15

4th grade 0.052* 0.071*** 0.077*** 0.057***
(0.028) (0.004) (0.019) (0.019)

6th grade 0.147*** 0.168*** 0.195%** 0.157***
(0.035) (0.005) (0.027) (0.025)

8th grade 0.173*** 0.189*** 0.211*** 0.199***
(0.029) (0.006) (0.034) (0.027)

10th grade 0.120** 0.123*** 0.172%** 0.095***
(0.045) (0.010) (0.032) (0.021)

Notes: Each cell in this table reports the gender gap coefficient (v)
from Equation 1.7 for each region. Standard errors are clustered at
school level and are reported in parentheses. *p < 0.10, **p < 0.05,

***p < 0.01.

136



F1cURE A.4. Gender gap in grading by region: Spanish
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FIGURE A.5. Gender gap in grading by region: Math

el

0.30 4

0.25

o
N
o
1
——e—
—e—
—e—i
o

0.15

i

0.05

Gender grading gap

0.00 |

| 1
4th grade 6th grade 8th grade 10th grade

Notes: For each category the graph shows the point estimates with 95% confidence
interval. Regions are ordered from left to right (Region 1 to Region 15) within each
grade.

137



A.4 Mean comparison test

TABLE A.9. Mean comparison test

Estimation Sample with Difference Std. err.
sample student behaviour

(a) Student level
1=Female 0.50 0.50 -0.001 (0.001)
Father’s education 12.11 12.00 0.107*** (0.005)
Mother’s education 12.21 12.08 0.130*** (0.004)
Household income 6.14 6.06 0.085*** (0.007)
1=Ethnic group 0.051 0.053 -0.0018***  (0.0003)
1=Foreign student 0.004 0.004 -0.0003***  (0.0001)
4th grade score 0.39 0.42 -0.032***  (0.001)
School attendance 93.31 93.58 -0.271%** (0.006)
1=Grade retention 0.07 0.08 -0.006***  (0.000)
Observations 2,821,911 870,765

(b) Teacher level
1=Female 0.76 0.70 0.052°*  (0.004)
Experience 13.37 13.30 0.074*** (0.095)
1=Permanent contract 0.57 0.55 0.021*** (0.004)
Working hours 37.44 37.51 -0.063*** (0.050)
Observations 40,044 24,517

(¢) School level
School enrolment 562.23 587.17 -24.942***  (8.176)
1=Public 0.45 0.45 -0.001***  (0.010)
1=Voucher 0.49 0.49 0.000*** (0.010)
1=Private 0.06 0.06 0.001*** (0.005)
1=Urban 0.89 0.90 -0.015** (0.006)
1=Metropolitan 0.34 0.34 0.001** (0.010)
Observations 5,126 4,664

Notes: Lagged SIMCE test scores are available for 1,890,782 students in the estimation
sample. *p < 0.10, **p < 0.05, ***p < 0.01.
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A.5 Potential mechanisms

TABLE A.10. Effects of student behaviour on gender grading gaps, using
lagged values

Spanish Math
(1) (2) (3) 1) (2) (3)
Female 0.137***  0.133*** 0.003 -0.043***  -0.047***  -0.196***
(0.003) (0.003) (0.049) (0.003) (0.003) (0.045)
Non-blind 0.119***  -1.119***  -1.045***  0.512*** -0.117* -0.043
(0.018) (0.058) (0.067) (0.019) (0.061) (0.065)
Non-blind x Female 0.181***  0.159*** 0.013 0.207***  0.183*** 0.040
(0.005) (0.005) (0.067) (0.005) (0.005) (0.063)
Behaviour
Do homework 0.035%** 0.031*** 0.055%** 0.038***
(0.004) (0.005) (0.003) (0.004)
Like to study 0.010***  0.015*** 0.008** -0.003
(0.003) (0.005) (0.003) (0.004)
Grade retention -0.074***  -0.071*** 0.102%** 0.095***
(0.009) (0.011) (0.008) (0.010)
School attendance 0.007*** 0.006*** 0.013*** 0.012***
(0.000) (0.000) (0.000) (0.000)
Non-blind x
Do homework 0.186*** 0.181*** 0.131%** 0.130***
(0.005) (0.006) (0.004) (0.005)
Like to study 0.065***  0.054*** 0.101***  0.096***
(0.005) (0.006) (0.005) (0.006)
Grade retention -0.368***  -0.353*** -0.342***  -0.319***
(0.013) (0.014) (0.012) (0.013)
School attendance 0.012%** 0.011%** 0.005%** 0.004***
(0.001) (0.001) (0.001) (0.001)
Female x
Do homework 0.009 0.038***
(0.007) (0.006)
Like to study -0.010* 0.022%**
(0.006) (0.005)
Grade retention -0.010 0.016
(0.016) (0.015)
School attendance 0.001*** 0.001**
(0.001) (0.000)
Female x Non-blind x
Do homework 0.011 0.001
(0.008) (0.008)
Like to study 0.022%** 0.009
(0.007) (0.007)
Grade retention -0.042** -0.065%**
(0.020) (0.019)
School attendance 0.001* 0.001**
(0.001) (0.001)
R-squared 0.320 0.340 0.340 0.366 0.383 0.383
Observations 621,542 621,542 621,542 621,542 621,542 621,542

Notes: All regressions include student characteristics (father’s education, mother’s education, house-

hold income, indicators of ethnicity and foreign student) and lagged SIMCE test scores, along with
their interactions with non-blind test. Standard errors are clustered at school level and are reported
in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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TABLE A.11. Effects of student behaviour on gender grading gaps, using
raw values

Spanish Math
1) (2) 3) (1) (2) 3)
Female 0.126***  0.108*** -0.062 -0.035***  -0.051***  -0.315***
(0.002) (0.002) (0.038) (0.002) (0.002) (0.034)
Non-blind 0.122***  -1.684***  -1.583***  (0.494***  -0.689***  -0.589***
(0.015) (0.059) (0.064) (0.017) (0.065) (0.065)
Non-blind x Female 0.181***  (0.137*** -0.065 0.182***  (0.133*** -0.068
(0.004) (0.004) (0.050) (0.004) (0.004) (0.046)
Behaviour
Do homework 0.060***  0.059*** 0.075***  0.069***
(0.002) (0.002) (0.002) (0.002)
Like to study 0.057***  0.055%** 0.032***  0.027***
(0.001) (0.002) (0.001) (0.002)
Grade retention -0.017***  -0.015*** 0.081*** 0.089***
(0.005) (0.006) (0.005) (0.006)
School attendance 0.008*** 0.007*** 0.014*** 0.013***
(0.000) (0.000) (0.000) (0.000)
Non-blind x
Do homework 0.226*** 0.228*** 0.184*** 0.181***
(0.003) (0.003) (0.002) (0.003)
Like to study 0.025***  0.015%** 0.067***  0.056***
(0.002) (0.002) (0.002) (0.002)
Grade retention -0.321%**  -0.312*** -0.273***  -0.260***
(0.007) (0.008) (0.008) (0.008)
School attendance 0.012%*** 0.011%*** 0.006*** 0.005***
(0.001) (0.001) (0.001) (0.001)
Female x
Do homework 0.003 0.013***
(0.003) (0.002)
Like to study 0.003 0.011***
(0.002) (0.002)
Grade retention -0.006 -0.023***
(0.007) (0.007)
School attendance 0.002*** 0.002***
(0.000) (0.000)
Female x Non-blind X
Do homework -0.003 0.004
(0.003) (0.003)
Like to study 0.021*** 0.023***
(0.003) (0.003)
Grade retention -0.024*** -0.034***
(0.009) (0.009)
School attendance 0.002*** 0.001***
(0.001) (0.000)
R-squared 0.321 0.363 0.363 0.363 0.400 0.400
Observations 1,741,530 1,741,530 1,741,530 1,741,530 1,741,530 1,741,530

Notes: All regressions include student characteristics (father’s education, mother’s education, house-
hold income, indicators of ethnicity and foreign student) and lagged SIMCE test scores, along with
their interactions with non-blind test. Standard errors are clustered at school level and are reported
in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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Appendix B

B.1 School panel

In this Appendix we provide evidence on the extent to which looping can
be considered a school-level policy. We use data on students between grade
5 and grade 8, during the years 2002-2018. Then we link students with
their classroom teacher in four different subjects (Spanish, maths, social
sciences and natural sciences). Using this information, we identify repeat
matches in grade 6, grade 7 and grade 8. As a result, we obtain a sample
of 12,102,819 students, 8,379 schools and 444, 859 classes.

We aggregate this data to the school-year level and calculate the propor-
tion of repeat matches across all subjects and grades, Ry:. At this level,
the sample contains 116,812 observations on 8,379 schools. A variance
decomposition exercise reveals that the variation in looping within schools
(overtime) is almost exactly equal to the variation in average looping be-
haviour between schools. Figure B.1 shows the distribution of R}, which

indicates that very few schools always or never use repeat matches.

We then aggregate the data to the school-subject-grade-year level, and
again compute the proportion of repeat matches, Ry, To quantify how
much of the variation in looping can be attributed to schools we estimate

the following specification:

Rksgt = M + ps + g + Ly (Bl)

where p;, is a school fixed effect, i, is a subject fixed effect, p, is a grade

fixed effect and p is year fixed effect. Column 1 and Column 2 in Table B.1
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FiGure B.1. Distribution of the proportion of repeat matches at school level
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show the benchmark model without and with school fixed effects, respec-
tively. The results show only small variation in repeat matches across
subjects and rather larger effects across grades. The inclusion of school
fixed effects increases the adjusted R? from 2% to only 15%, from which
we conclude that the prevalence of looping is only weakly associated with

school-level decisions.

TABLE B.1. Contribution of school fixed effects to the proportion of repeat
matches

(1) (2)
1=Math 0.023*** 0.023***
1=Natural 0.020*** 0.020***
1=Social 0.014*** 0.014***
1=Grade 7 -0.120***  -0.071***
1=Grade 8 0.018***  0.068***
School FE Yes
Year FE Yes Yes
Adjusted R-squared 0.021 0.147
Observations 1,204,200 1,204,200

Notes: Dependent variable is the proportion
of repeat matches at school-subject-grade-year
level. *p < 0.10, **p < 0.05, ***p < 0.01.
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B.2 The exogeneity of the LRA discontinu-
ity

TABLE B.2. Tests of balance of income bands at the discontinuity, con-
trolling by school type

Covariate RD estimator Std. err. Obs. left Obs. right Bandwidth
(1) (2) (3) (4) (5)
Income level: 1 0.001 0.004 232,241 116,886 1098.770
Income level: 2 0.004 0.004 234,639 117,513 1110.402
Income level: 3 0.002 0.004 243,495 119,672 1152.777
Income level: 4 -0.004 0.003 205,880 110,872 987.444
Income level: 5 -0.000 0.002 269,131 124,478 1267.990
Income level: 6 -0.002 0.002 241,984 119,275 1143.496
Income level: 7 -0.000 0.001 234,098 117,224 1107.541
Income level: 8 -0.001 0.001 206,427 110,942 990.439
Income level: 9 -0.000 0.001 257,206 122,031 1217.552
Income level: 10 0.000 0.001 300,977 128,863 1387.952
Income level: 11 0.000 0.001 293,698 128,187 1357.590
Income level: 12 -0.000 0.000 237,756 118,151 1127.060
Income level: 13 -0.000 0.000 258,257 122,226 1222.284
Income level: 14 -0.000 0.000 313,007 130,989 1436.014
Income level: 15 -0.001 0.001 123,887 84,820 619.084

Notes: Table shows the estimated discontinuity in each income band at the LRA
controlling for school type. Results based on the empirical strategy that implements a
RD following the methodology proposed by Calonico et al. (2014), with a polynomial
of order one and weighted by triangular kernel. The number of observations for all
the regressions is 2,785,928. Standard errors calculated using Calonico et al. (2014)
and clustered at the student level.
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FIGURE B.2. Balancing tests at the discontinuity

1=Repeat match grade 6-7 — >—1
1=Female — HH
Mother's schooling (years) — —
Household's monthly income — |
Past GPA — H—
Past attendance rate (%) — —
Past SIMCE test score — 1
Class size — i
1=Urban - H
School enrolment — —
Number of classes — —
1=Female teacher — rH
Experience of teacher in 7th grade — —
Age of teacher in 7th grade — H
—0|.3 —0|.2 -0|.1 0.0 0?1 0?2 013

95% CI (standardised coefficient)

1=Repeat match grade 6-7 — )—f
1=Female — H
Mother's schooling (years) — H
Household's monthly income — —
Past GPA — H—
Past attendance rate (%) — —
Past SIMCE test score — 1
Class size — -
1=Urban — H
School enrolment — H—
Number of classes — =
1=Female teacher — rH
Experience of teacher in 7th grade — i
Age of teacher in 7th grade — H
—0|.3 —0|.2 —OI.1 0.0 0!1 0!2 013

95% CI (standardised coefficient)

Raw difference in means (treated-control)

————1 Difference in means at discontinuity (treated-control)

Notes: Figures show 95% confidence intervals on the difference in means between the
treated and controls in the overall sample and at the discontinuity in the LRA. All
variables are standardised to have zero mean and unit standard deviation to enable
comparison. The bottom panel includes as covariates dummies for school type (Public,
Private, Voucher). The difference at the discontinuity is estimated using methodol-
ogy proposed by Calonico et al. (2014), with a polynomial of order one and weighted
by triangular kernel. The number of observations for all the regressions is 2,785, 928.
Standard errors calculated using Calonico et al. (2014) and clustered at the student
level.
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FIGURE B.3. Density of the running variable
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Notes: Running variable is distance, in days, from age on the final day of the grade 7
school year to the day on which the teacher reaches the legal retirement age. Bins have
width of 30 days.
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B.3 Experience Model

TABLE B.3. Returns to experience across different experience ranges

(1)

1-2 years of experience 0.014%**
( 0.003)
3—4 years of experience 0.032%**
( 0.003)
5-9 years of experience 0.037***
( 0.003)
10-14 years of experience  0.040***
( 0.003)
1524 years of experience  0.036***
( 0.003)
>25 years of experience 0.024%**
(10.003)
Student FE Yes
Subject FE Yes
R-squared 0.793
Observations 2,785,928

Notes: Dependent variable is the stu-
dent’s SIMCE test score in grade 8.
The model shows the estimated returns
to experience across different experience
ranges. The omitted category is teach-
ers with zero experience. The model in-
cludes a female teacher dummy. Stan-
dard errors are clustered at the student
level. *p < 0.10, **p < 0.05, ***p < 0.01.
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B.4 Regression discontinuity results by sub-

ject

TABLE B.4. Effect of repeated matches on test scores by subject: linear
regression discontinuity results

Spanish Maths Natural Social
Sciences  Sciences

(1) (2) (3) (4)
Tr (First stage) -0.088***  -0.164*** -0.111"** -0.161***
(10.003) (10.004) (0.004) (0.004)
7, (Reduced form) -0.009 -0.013 -0.005 -0.014
( 0.010) (0.012) (0.012) (0.011)
TRD 0.102 0.080 0.049 0.085
(0.118) (0.073) (0.105) (0.071)
Teacher FE x Year FE Yes Yes Yes Yes
First-stage R-squared 0.762 0.753 0.760 0.765
First-stage F' statistic 654 1,498 780 1,826
Observations 696,482 696,482 696,482 696,482

Notes: Dependent variable is the student’s SIMCE test score in grade 8 in
each subject. Treatment is the student-subject measure of repeated match
R;s. All the models therefore control for student characteristics (gender,
household income, mother’s education, final GPA and lagged attendance
rate), class size and school characteristics (public school dummy and rural
school indicator). *p < 0.10, **p < 0.05, ***p < 0.01.
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B.5 Information from teachers’ survey

TABLE B.5. Mean comparison test of classroom characteristics, full sample
versus estimation sample

Estimation Sample with Difference Std. err.
sample teachers’ perception

1=Female 0.50 0.50 -0.005** (0.002)
Mother’s schooling (years) 10.67 11.12 -0.443**  (0.032)
Household’s monthly income 378.51 437.00 -58.486***  ( 5.033)
Average SIMCE test score -0.06 -0.03 -0.028***  (10.007 )
Past GPA 0.08 0.09 -0.017***  (0.004 )
Past attendance rate 94.34 94.08 0.257**  (10.041)
Class size 21.88 21.02 0.855***  (10.120)
1=Public 0.53 0.44 0.084*** ( 0.006 )
1=Urban 0.82 0.82 -0.008* (0.005)
Observations 31,837 9,498

Notes: *p < 0.10, **p < 0.05, ***p < 0.01.
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Appendix C

C.1 Data availability

TABLE C.1. Data available for SIMCE test scores and parental investment

Cohort - High 4th grade 8th grade 10th grade
school graduates

2004 - Yes -
2005 - - Yes
2006 - - -
2007 - - -
2008 - Yes Yes
2009 - - -
2010 Yes - Yes
2011 - Yes -
2012 - - Yes
2013 Yes Yes -
2014 Yes - Yes
2015 Yes Yes Yes
2016 Yes - Yes
2017 Yes Yes Yes
2018 Yes Yes Yes
2019 Yes Yes Yes

Notes: Cohorts with information on parental investment
in blue.
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C.2 School starting age and student outcomes

TABLE C.2. The effect of own school starting age on student outcomes,
by birth order

Test scores in ~ Test scores in ~ Test scores in  High school College
4th grade 8th grade 10th grade grades enrolment
(1) (2) (3) (4) (5)
Younger sibling: 0.183*** 0.139*** 0.128*** 0.098*** 0.073***
1(B; > 0) (10.021) (10.021) (10.024) ( 0.020) ( 0.009)
95% C.I. [.142 ; .225] [.097 ; .18] [.081;.176]  [.058;.137]  [.056 ; .09]
Effective obs.: Left 20,731 15,489 20,152 27,005 21,202
Effective obs.: Right 20,445 14,751 19,075 25,487 20,225
Optimal Bandwidth 49.58 45.37 47.79 39.45 31.76
Observations 161,177 129,958 161,859 260,393 258,274
Older sibling: 0.130*** 0.096*** 0.071*** 0.033** 0.017*
1(B; > 0) ( 0.048) (10.023) (10.021) ( 0.015) ( 0.010)
95% C.I. [.036 ; .224] [.051 ; .142] [.03; .112] [.004 ; .063] [-.002 ; .036]
Effective obs.: Left 5,820 10,541 16,206 38,008 38,100
Effective obs.: Right 7,400 12,141 18,632 43,480 44,082
Optimal Bandwidth 42.64 43.83 50.99 57.76 65.97
Observations 54,145 94,954 126,450 260,393 230,397

Notes: Table shows the effects of school starting age on different outcomes. Results based on the
empirical strategy that implements a RD following the methodology proposed by Calonico et al. (2014),
with a polynomial of order one and weighted by triangular kernel. Standard errors are clustered at the
running variable at daily level. *p < 0.10, **p < 0.05, ***p < 0.01.
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C.3 Sibling school starting age and student

outcomes

TABLE C.3. The effect of sibling school starting age on student outcomes

Test scores in  Test scores in ~ Test scores in  High-school College
4th grade 8th grade 10th grade grades enrolment
(1) (2) (3) (4) (5)

Older-to-younger: -0.010 -0.041 -0.013 -0.026* -0.001
1(B; > 0) (10.016) (10.026) ( 0.020) (0.014) ( 0.009)
95% C.I. [-.041 ; .022] [-.092 ; .01] [-.051;.026] [-.055;.002] [-.019;.016]
Effective obs.: Left 15,609 14,656 25,291 30,745 35,767
Effective obs.: Right 17,171 16,621 28,564 35,025 40,704
Optimal Bandwidth 37.72 44.93 61.96 46.72 54.91
Observations 161,177 129,958 161,859 260,393 258,274
Younger-to-older: 0.039 0.072** 0.071** 0.015* 0.025*
1(B; > 0) (0.032) (10.034) (0.032) (10.022) (0.014)
95% C.I. [-.024 ; .102] [.005 ; .139] [.008 ; .134]  [-.028 ;.058] [-.002 ; .052]
Effective obs.: Left 9,495 10,241 16,831 38,718 24,903
Effective obs.: Right 7,936 9,391 15,716 36,815 23,762
Optimal Bandwidth 63.25 40.58 50.32 56.45 41.96
Observations 54,145 94,954 126,450 260,393 230,397

Notes: Table shows the effects of sibling school starting age on different outcomes. Results based on
the empirical strategy that implements a RD following the methodology proposed by Calonico et al.
(2014), with a polynomial of order one and weighted by triangular kernel. Standard errors are clustered

at the running variable at daily level. *p < 0.10, **p < 0.05, ***p < 0.01.

151



C.4 Heterogeneous effects

TABLE C.4. The effect of sibling school starting age on PSU test scores
by student characteristics

Older-to-younger Younger-to-older
RD Std. err. Bandwidth ~ Obs. RD Std. err. Bandwidth ~ Obs.
(1) (2) (3) (4) (5) (6) (7) (8)

Gender

Female 0.005 0.016 67.81 50,173 0.077*** 0.023 36.63 25,099

Male -0.011 0.022 57.98 38,815 0.043* 0.024 48.43 31,053
Gender composition

Same-gender -0.018 0.018 48.79 37,048 0.039** 0.017 60.35 43,652

Opposite-gender 0.005 0.017 51.99 33,558 0.031 0.020 65.10 40,523
Income

Below median -0.001 0.019 45.04 32,248 0.028 0.018 46.12 30,828

Above median -0.009 0.019 49.54 34,964 0.057** 0.023 53.82 35,720
Father completed HS

No -0.024 0.023 45.42 18,197 -0.017 0.020 66.92 25,368

Yes -0.002 0.015 50.79 51,282 0.038** 0.017 69.81 67,126
Mother completed HS

No -0.022 0.024 55.66 21,388 0.028 0.022 58.87 21,593

Yes 0.005 0.013 57.23 59,351  0.038** 0.016 65.99 63,692
Timing

Grade 1 — 4 0.091*** 0.022 34.86 27,001

Grade 5 — 12 0.005 0.025 40.83 22,033
GPA;_

Low 0.007 0.027 40.24 9,351

Medium 0.014 0.029 64.25 14,651

High 0.097*** 0.035 43.67 9,798

Notes: Table shows show the heterogeneous effects for younger (older-to-younger) and older siblings (younger-to-
older) by student characteristics. Results are based on linear regressions within the optimal bandwidth computed
using the methodology proposed by Calonico et al. (2014) and reported in Table 3.8. Standard errors are clustered
at the running variable at daily level. *p < 0.10, **p < 0.05, ***p < 0.01.
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C.5 Potential channels: parental investments

TABLE C.5. Parental investments and sibling school starting age (using
raw measures)

Older-to-younger  Younger-to-older

(1) (2)
(a) 4th grade (Parent Responses)
1=Read to child 0.005 0.168
( 0.081) (0.112)
1=Parent—child joint reading -0.039 0.205
( 0.083) ( 0.149)
1=Talk about their readings 0.011 0.104
( 0.066) ( 0.086)
PSU test scores -0.075 0.191*
( 0.077) (0.107)
Observations 14,026 5,809
(b) 8th grade (Student Responses)
1=Parent congrats for grades 0.042 0.095**
( 0.032) (10.041)
1=Parent knows grades in school 0.017 -0.023
( 0.038) ( 0.055)
1=Parent willing to help -0.003 0.133***
( 0.028) ( 0.049)
PSU test scores -0.014 0.111**
( 0.031) ( 0.053)
Observations 71,769 27,810

Notes: Table shows the effect of sibling school starting age on parental in-
vestments in grades 4 and 8 for younger siblings (older-to-younger) — Column
(1) — and older siblings (younger-to-older) — Column (2). Results are based
on the empirical strategy that implements a RD following the methodol-
ogy proposed by Calonico et al. (2014), with a polynomial of order one and
weighted by triangular kernel. Standard errors are clustered at the running
variable at daily level. *p < 0.10, **p < 0.05, ***p < 0.01.
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