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Abstract

We study the e�ect of exposure to peers with college-educated parents on the school outcomes

of children from less educated households. For identi�cation, we exploit within-family-by-year vari-

ation to control for the signi�cant non-random sorting of parents into schools, and time-varying

shocks to the family environment. We use a rich administrative data from Portugal, a school system

with some of the largest gaps in educational a�ainment by children’s socioeconomic status among

OECD countries. We �nd that moving a student from the 10th to the 90th percentile in the distri-

bution of exposure to children with college-educated parents is equivalent to closing about a ��h

of the gap in grade repetition by parental education. We show that the e�ect on grade repetition is

partly driven by improved school performance, consistent with a social contagion type of mecha-

nism. However, we also show suggestive evidence that schools fail fewer students who were eligible

to repeat when faced with higher concentrations of students with college-educated parents.

JEL Classi�cation: I21, I24. Keywords: Parental education; spillovers; peer e�ects; grade rep-

etition; student achievement.

Word Count: 9,444

∗
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1. Introduction

College-educated parents set greater educational expectations, provide more stimulating home en-

vironments, and invest more in their children’s development compared to less educated parents (Müller,

2023; Boneva and Rauh, 2018; Guryan et al., 2008; Bianchi and Robinson, 1997; Hill and Sta�ord, 1974).

However, it remains unclear to what extent children of less educated parents bene�t from exposure to

more educated families. Schools provide a unique environment where social norms, behaviors, and edu-

cational expectations characteristic of college-educated households can in�uence other students through

social contagion. On the other hand, schools may respond to more children with college-educated par-

ents in ways that could ambiguously impact the learning outcomes of other students.

Identifying the e�ect of exposure to highly educated parents is complicated by two main empirical

challenges. First, children of highly educated parents are not randomly assigned to schools. Income-

based residential segregation—highly correlated to parental education—largely explains sorting across

educational institutions (Owens et al., 2016; Nechyba, 2006). Second, less educated parents may strate-

gically enroll their children in schools with higher concentrations of college-educated parents or other

advantaged peers. If these children would have achieved similar outcomes in less exposed schools, failing

to account for this non-random sorting could lead to an overestimation of potential bene�ts. Conversely,

more highly educated parents may decide to leave schools as a response to increased integration of chil-

dren from disadvantaged backgrounds (Cascio and Lewis, 2012; Hoxby, 2000).

In se�ings without random assignment, existing research o�en relies on variation in student compo-

sition across cohorts within the same school to identify the e�ect of peer characteristics on school out-

comes (Barrios-Fernández, 2023; Epple and Romano, 2011). Interpreting these e�ects as causal hinges on

the assumption that parents sort across schools based on the past composition of student cohorts, rather

than the current or anticipated future cohort compositions. While cross-cohort variation in character-

istics like gender is arguably easier to be taken as idiosyncratic (e.g. Lavy and Schlosser, 2011; Hoxby,

2000), the same assumption is more di�cult to justify for characteristics strongly correlated to school

sorting pa�erns, such as parental background.

In this paper, we tackle parental sorting by exploiting idiosyncratic variation within the family. We

examine how exposure to peers with college-educated parents a�ects the educational a�ainment of chil-

dren without college-educated parents, leveraging variation across siblings who are exposed to di�erent

cohort compositions. We study this question in the context of Portugal, for which we have detailed ad-

ministrative data on the universe of students enrolled in public primary and lower secondary schools.

We focus on grade repetition as our measure of educational a�ainment due to its consistent availability

in the data, as well as for its relevance for students’ educational and career paths in this se�ing.

Studying this question in the context of the Portuguese education system is insightful for mainly

three reasons. First, grade repetition is quite prevalent, with Portugal having one of the highest retention
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rates among OECD countries (OECD, 2022). In our data, more than a quarter of students repeat a grade at

least once before high school. Second, Portugal has the second-largest grade repetition gap by parental

background among high-income countries (OECD, 2020). In our data, children without college-educated

parents are six times more likely to repeat a grade than those with at least one parent who completed

college. Empirical evidence shows that, while grade repetition may remedy insu�cient learning through

some short-term gains (Figlio and Özek, 2020; Schwerdt et al., 2017), it has substantial negative e�ects

on earnings in the labor market (ter Meulen, 2023). �erefore, grade repetition is not without relevant

economic tradeo�s for individuals and public policy. �ird, there is signi�cant segregation across schools

based on parental education, even within the public school system. Children with college-educated

parents—just a quarter of the population in our period of analysis—have about twice as many classmates

whose parents completed college compared to those without college-educated parents. Strong pa�erns

of residential sorting contribute to Portugal having a level of socioeconomic segregation across schools

similar to that of the largest metropolitan areas in the US (Liebowitz et al., 2018; Owens et al., 2016).

Portugal’s rich data helps us address our main empirical challenges. First, it enables us to measure

the size and composition of student cohorts across schools, grades and years. We de�ne as an individual’s

peers in a given year all other students enrolled in the same grade cohort, rather than just those belonging

to the same classroom. As such, we recognize the potential biases introduced by empirically veri�ed non-

random allocation of students to classrooms within schools. In contrast to selective allocation of students

to classes, it is unlikely that schools are able to exert any relevant discretion in sorting students across

grade cohorts.

Second, we are able to construct multiple measures of peer exposure. Our main variable of interest is

cumulative exposure to peers with college-educated (CE) parents. Relying on the panel structure of the

data, we compute the average exposure for each individual across years—from �rst grade to any grade

in which they are observed. �us, for each child-year cell we have a continuous measure of intensity of

exposure to CE peers throughout the individual’s schooling path until then. To test di�erent hypotheses

and ensure robustness, we also present analyses with alternative de�nitions of exposure.

�ird, we rely on an anonymized family identi�er to implement our research design. For estimation,

we use family-by-year �xed e�ects, which allow us to control for all family background characteristics in

each year. To control for di�erences across time, schools and grades we also include school-by-year and

grade-by-year �xed e�ects in our preferred speci�cations. �us, the identifying variation comes from

siblings enrolled in di�erent grades in the same school and academic year, and siblings enrolled in the

same grade but in di�erent schools during the same academic year. Our main identifying assumption

is that these idiosyncratic di�erences in exposure within the family are as good as random. We provide

evidence in support of our empirical strategy, and run a series of alternative speci�cations to a�est its

robustness.
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We �nd that exposure to students with college-educated parents signi�cantly reduces the likelihood

of grade repetition among children from less educated households. For an average cohort of 80 students,

increasing exposure from 2 peers with CE parents (10th percentile) to 30 peers (90th percentile) decreases

grade repetition by about 1 percentage point, or 13% of the sample mean. �e magnitude of this change

corresponds to about one-��h of the gap in grade repetition between children with and without CE

parents. We also �nd that average exposure in previous grades a�ects academic achievement beyond

the e�ect of contemporaneous exposure. �e qualitative interpretation of our results remains robust

across di�erent de�nitions of exposure and speci�cations.

Importantly, our identi�cation strategy uncovers an e�ect size that is just one-quarter of that found

using within-school, across-cohort variation. �ere are two main reasons for this di�erence between

research designs. First, each strategy uses a di�erent source of identifying variation. Within-school,

across-cohort designs compare individuals who di�er along many dimensions, including in their expo-

sure to given peers. With our research design, we restrict these di�erences across cohort to within-family

comparisons. We argue that siblings serve as a more plausible counterfactual of each individual than just

any other children in adjacent cohorts. Moreover, the concern about parental sorting is directly addressed

by design. Our estimator is thus relatively more conservative in the type of comparisons it allows. Sec-

ond, each strategy contends with di�erent types of contaminating spillover e�ects. With our research

design, we can explicitly infer that the magnitude of the estimates may be a�enuated by within-family

spillovers. �us, we carefully address how sibling spillovers may bias our results. Relying on minimal

assumptions and supporting evidence on the monotonicity of these intrahousehold spillovers, we argue

that the estimated e�ects are lower bounds of our estimand of interest. On the other hand, with within-

school, across-cohort designs potential sources of interference are o�en more di�cult to identify and

seldom discussed. �roughout the paper, we interpret each of our results in light of previous evidence

and the corresponding source of identifying variation.

To test the interpretation of our �ndings as truly stemming from parental education, we characterize

families with college-educated parents. For instance, children with CE parents are signi�cantly less

likely to be born to poor and immigrant families. Reassuringly, we �nd that peers’ parental education

still ma�ers for educational a�ainment beyond these other family characteristics.

We also investigate how the e�ects vary across di�erent types of families. We test for e�ect hetero-

geneity in terms of family size, poverty status, and siblings gender mix. Consistent with an hypothesis

of stronger in�uence of school inputs when parental investment is distributed over more children, stu-

dents from larger families bene�t di�erentially more from being exposed to peers with CE parents. On

the other hand, relatively poorer children bene�t less from higher exposure to peers with CE parents.

�erefore, children from poor families are doubly penalized, as they both bene�t less from higher expo-

sure and are signi�cantly less likely to being exposed to peers with CE parents. Lastly, we �nd that the
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estimated e�ects are similar across only-male and mixed-gender sibling groups, while �nding no e�ect

for families with only daughters.

Our �ndings are reduced-form estimates of the e�ect of exposure on school outcomes. Although

we can observe exposure to children with CE parents throughout time, we cannot identify whether

children from less educated households actually engage in meaningful relationships with the former,

and whether this is the main channel through which exposure a�ects school outcomes. �e e�ects of

exposure to children of more educated parents may be bene�cial through other channels other than the

strict contact between students of these di�erent subgroups, also depending on how schools react to

di�erent levels of exposure.

Relevantly, we �nd evidence that the reduction in grade repetition is likely driven by improved school

performance. With the caveat of restricting this analysis to middle school siblings—for which we have

performance information—we investigate how exposure to peers with CE parents a�ects academic out-

comes upstream of grade repetition. We �nd that moving a student from the 10th to the 90th percentile

of cumulative exposure increases GPA by 6.5% of a standard deviation. Additionally, more exposed sib-

lings fail at signi�cantly fewer subjects, including both language and math. �ese �ndings support the

hypothesis that the e�ect on repetition hinges on e�ective learning gains, rather than just changes in

school policy regarding student retention.

However, we �nd suggestive evidence that the discretion with which schools repeat students can also

explain part of the estimated e�ects. Only about 60% of the students that are eligible to repeat the grade

according to set guidelines are ultimately failed. Schools are more or less lenient in terms of their grade

repetition policies, both across time and across cohorts. We show that higher concentrations of children

with college-educated parents within the same school, leads to fewer children without college-educated

parents repeating, even if eligible.

Related literature.— Our paper makes empirical contributions to mainly three strands of literature.

First, it adds to the large body of evidence on peer e�ects in educational outcomes (surveyed in Barrios-

Fernández, 2023; Epple and Romano, 2011; Sacerdote, 2011). Extant research shows that students tend

to bene�t from exposure to higher ability peers in the classroom, or to peer characteristics that predict

higher school achievement. To the best of our knowledge, ours is the �rst paper to look at the e�ect

on the likelihood of being retained in the same grade, a relevant outcome for school systems that make

extensive use of grade repetition as a potential remedy for poor student performance.

Second, it contributes to the growing literature on the e�ects of peers’ parental education on school

outcomes. Empirical evidence on this particular type of peer e�ects is mixed. In the US, being assigned

to a kindergarten class with greater exposure to highly-educated parents leads to higher achievement

in math and reading, but not on socioemotional skills (Fruehwirth and Gagete-Miranda, 2019). Like-

wise, mothers’ mean education in class is an important determinant of eight grade achievement in Chile
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(McEwan, 2003). Relatedly, Bonesronning and Haraldsvik (2014) �nd a negative spillover e�ect of peers

from less-educated households on ��h grade achievement in Norway. On the other hand, Bifulco et al.

(2011) do not �nd signi�cant spillover e�ects of parental education on �nal high school GPA in the US.

In Denmark, Bertoni et al. (2020) �nd sizeable positive e�ects on the likelihood of college graduation and

higher earnings in the labor market. Exploiting heterogeneity on peers’ gender, Cools et al. (2019) �nd

that girls exposed to higher concentrations of boys with highly educated parents have lower self-esteem

and aspirations, ultimately reducing their probability of completing a bachelor’s degree. Close to our

research question, Ca�an et al. (2023) �nd that students whose parents did not a�end elite colleges are

more likely to a�end these colleges when more exposed to peers with such family background. Contrary

to previous evidence, our paper goes beyond di�erences in contemporaneous exposure, exploiting the

average cumulative exposure since children start school, identifying the e�ects across multiple grades,

in both primary and lower education.

Finally, this paper contributes to existing empirical evidence exploiting within-family comparisons as

identifying source of variation (e.g. Figlio et al., 2023a; Bertoni et al., 2020; Bonesronning and Haraldsvik,

2014). Observational studies on parental education spillovers have mostly exploited variation in student

composition across cohorts within schools (as in Hoxby, 2000) to identify the e�ects on outcomes (Ca�an

et al., 2023; Cools et al., 2019; Fruehwirth and Gagete-Miranda, 2019; Bifulco et al., 2011; McEwan, 2003).

In the context of immigrant peer e�ects, Figlio et al. (2023a) show that failing to partial out unobserved

non-random selection of families into schools would change the qualitative interpretation of the e�ects of

exposure to immigrants on the achievement of US-born students. Our paper contributes to this literature

by following a similar strategy to the one in Figlio et al. (2023a), exploiting di�erences across siblings

exposed to di�erent shares of children with highly educated parents. Our paper is also close to Bertoni

et al. (2020), which exploits variation in exposure across siblings a�ending the same school at di�erent

points in time. To the best of our knowledge, ours is the �rst paper to exploit within-family-by-year

variation for identifying spillover e�ects of parental education. Moreover, we depart from these previous

papers by carefully addressing potential spillovers across siblings. Given the growing empirical evidence

on the e�ect of older siblings on the educational choices and outcomes of their siblings (e.g. Figlio et al.,

2023b; Altmejd et al., 2021), we provide evidence that within-family designs provide a lower bound of

the parental education spillovers running through the children’s cohort peers.

Outline— �e paper is structured as follows. Section 2 presents the data sources, main variables

of interest, and motivating descriptive evidence. Section 3 describes our identi�cation strategy and dis-

cusses the empirical validity of our approach. Section 4 presents the main e�ects on grade repetition

throughout primary and lower secondary education, heterogeneity analysis as well as robustness checks

to the main estimates. Section 5 documents and discusses suggestive evidence on some mechanisms ex-

plaining our results. Section 6 concludes.
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2. Data and Setting

In this section we present the data we use in the empirical analysis, as well as descriptive and mo-

tivating evidence for our se�ing. Our analysis covers a sub-sample of 200,000 individuals who have at

least a sibling enrolled in a school in the same academic year, as required by our research design (de-

scribed in Section 3).
1

We use the complete dataset to present the main stylized facts in Section 2.4. We

describe our main analysis sample in Section 2.5.

2.1. Data Sources

We use a de-identi�ed dataset combining administrative school records maintained by Portugal’s

Ministry of Education.
2

�is dataset includes all students enrolled in primary, lower, and upper sec-

ondary education in mainland Portugal (Grades 1 through 12) from 2006 to 2018. Each observation

contains a unique student identi�er, enabling us to track students across schools and academic years.

�e dataset also contains detailed demographic information, academic achievement, and a�ainment of

each student. Crucially, we have data on parents’ (or legal guardians’) education levels. Because this in-

formation is missing for most private school students, we restrict our analysis to public school students,

who make up 85% of the total across all grades. Additionally, we make use of an anonymous family

identi�er, allowing us to exploit within-family variation.

2.2. Main Variables

Exposure to Children with College-Educated Parents.— We start by identifying students with

at least one college-educated parent (holding a bachelor’s degree or higher). We de�ne as having college-

educated parents all individuals for which at least one of the parents has completed a bachelor degree. If

information is missing for one parent, we use information on the education level of the other parent. We

then compute a cumulative measure of exposure to peers with college-educated parents, beginning in the

�rst year a student is observed in �rst grade (t). For each enrolled student, we compute the share of peers

in the same cohort—de�ned by school, grade, and academic year—whose parents are college-educated.
3

�us, for each student i, in school s, grade g, and year t:

Eisgt =

1

t – t + 1

t∑
t′=t

# Peers with CE Parentsisgt′

# Peersisgt′
. (1)

We count the number of peers in the same cohort, rather than the same classroom. �is cohort-level

measure allays concerns about the endogeneity of each school’s allocation of students across classes.
4

1
�e complete dataset includes about 950,000 students enrolled in over 7,000 public schools, spanning nine di�erent grades,

between 2006 and 2018.

2
�e administrative datasets include detailed reports from public schools (MISI), private independent schools (INQ-PRIV),

and publicly-subsidized private schools (MISI-PRIV). Appendix A details the data access procedure and information con-

tained within each database.

3
�is measure of cumulative exposure is similar to the one used for exposure to foreign-born students in Figlio et al. (2023a).

4
We empirically reject that the allocation of children across classrooms in the same cohort is random. See Appendix D for
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We also explore alternative versions of exposure. First, we compute a version excluding students

with unknown parental education from the denominator in Equation 1.
5

Second, we derive a measure

of contemporaneous exposure, excluding prior years’ exposure. �ird, we create a cumulative exposure

measure with a varying decay parameter, adjusting the weight of previous’ years exposure (as in Figlio

et al., 2023a).
6

Fourth, we compute the same measure as in Equation 1 using only peers in the same class-

room. Finally, we create a version of exposure with just the average number—rather than proportion—of

peers with CE parents. Additionally, in some speci�cations we include analogous measures of cumu-

lative exposure to immigrants and students eligible free or reduced-price lunches (FRPL), a proxy for

economic distress.

Main Outcome: Grade Repetition.— We de�ne grade repetition by recording whether a student

is enrolled in the same grade the following academic year. Typically, students are eligible to repeat a

grade if they fail both Math and Language in end-of-cycle grades (4, 6 and 9) or fail three or more school

subjects overall, as assessed by their teachers. However, not all eligible students repeat, as schools have

some discretion in deciding whether retention would be the appropriate remedial learning strategy. Only

about 59% of eligible students in lower secondary education actually repeat the grade. In Section 2.4 we

provide further details and motivate why this is a relevant outcome in our se�ing.

Other Outcomes.— In other analysis we have additional individual-level outcomes such as students’

grade point averages (GPA) in core subjects and the number and proportion of subjects failed. We also

create indicators for failing Language, Math, or both subjects, given their relevance for grade repetition.

Unlike the main outcome, these intermediate outcomes are only available for Grades 5 through 9.

Covariates.— Most speci�cations include the following covariates: Indicator variables identifying

whether the student is female, foreign-born, has internet at home, whether is eligible for FRPL, and birth

order. We further characterize children by age and birth spacing among siblings.

2.3. Sample Restrictions

Given our research design (described in Section 4.1), we impose multiple sample restrictions to the

data. First, we start with a dataset with records of non-adult, regular education students enrolled in public

schools, between �rst and ninth grade, for the period 2006-2018. At this stage, we compute all exposure

measures described in Section 2.2. Second, we restrict the sample to individuals that we can follow since

they have started school, in �rst grade. At this stage, we compute all outcome measures. In Appendix

Table A.1 we report summary statistics for these students. �ird, we further restrict observations to

students that have at least a sibling who is also observed in school in our period of analysis. In Appendix

Table A.2 we report summary statistics for this sample. Children with siblings are not much di�erentially

further details.

5
Students with missing parental education are just 3% of the sample.

6
See Section 4.2 for details.
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selected (see Appendix Table A.3), being only slightly more likely to have an immigration background.

Fourth, because we rely on family-by-year �xed e�ects, we restrict the sample to those siblings that

can be simultaneously observed in school in the same academic year, even if in di�erent grades (see

Appendix Table A.4). Relative to the sample with all siblings, restricting to those that are observed in the

same year does not produce appreciable di�erences in observable characteristics, except for the share

of college-educated parents, which is relatively higher in the restricted sample (Appendix Table A.5).

Finally, since we focus on students with no college-educated parents, we drop all students with college-

educated parents (26%) or missing information on this variable (3%). Our analysis sample is composed

of children without college-educated parents, who have at least a sibling enrolled in a public school in

the same year, an unbalanced panel of 200,457 individuals and 766,054 observations.

2.4. Setting - Stylized Facts

In this section we provide descriptive evidence and outline the institutional background of our study,

documenting four major stylized facts that help motivate our empirical analysis in the context of Portu-

gal.

Fact 1. Grade repetition is highly prevalent.

Grade repetition remains a common strategy for addressing poor student performance in our set-

ting. Portugal has the ��h highest repetition rate among 35 OECD countries: 27% of 15-year olds have

repeated a grade at least once throughout their school career, delaying their entry into post-secondary

education and the labor market (OECD, 2022). Although the learning e�ects of grade repetition are out-

side the scope of our analysis, it is worth noting that delaying students’ grade progression is not without

important costs for individuals and education systems. While extant research shows that grade repeti-

tion may bene�t student learning in the short run (Jacob and Lefgren, 2004; Schwerdt et al., 2017; Figlio

and Özek, 2020; Borghesan et al., 2022) it also leads to a lower likelihood of high school completion (Jacob

and Lefgren, 2009; Manacorda, 2012) and reduced earnings in the labor market (ter Meulen, 2023).

In Portugal, as in other countries, grade repetition is tied to student performance in school subjects.

Eligibility for grade repetition is determined by one of two necessary conditions.
7

To be eligible, students

must either (i) fail at three or more school subjects; or (ii) fail at both Math and Portuguese Language

in end-of-cycle grades—fourth, sixth and ninth grade. However, these conditions are not su�cient to

repeat a grade, as not all eligible students repeat. Appendix Table E.1 shows that eligibility increases the

likelihood of grade repetition by 59 percentage points (p.p.), a �nding robust to controlling for students’

individual characteristics.
8

In contrast, only 0.1% of ineligible students repeat the grade. �is suggests

that schools comply with necessary conditions, but exert considerable discretion on which students to

7
Necessary conditions for grade repetition, and guidelines on the application of this type of policy in schools, are centrally

set by the Ministry of Education. See, for instance, Ordinance Nr. 223-A/2018, Article 32, 6.

8
We restrict the analysis to this subsample, because the data lacks detailed information on performance among primary

school students.
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repeat, conditional on eligibility.
9
.

Fact 2. Wide gaps in grade repetition and student performance by parental education.

In most countries, socioeconomically disadvantaged students have signi�cant lower school perfor-

mance and repeat at higher rates. In Portugal, socioeconomic status (SES) is a particularly strong pre-

dictor of grade repetition, being the second OECD country in which SES most predicts grade repetition,

even a�er controlling for di�erences in ability (OECD, 2020). During our period of analysis, grade repeti-

tion rates are 6% per year among students without college-educated parents, compared to just 1% among

children of more educated households (Appendix Table E.2). Children without any college-educated par-

ent are thus six times more likely to repeat the grade relative to those with at least one parent with a

college degree.

Grade repetition gaps by parental education vary across years and grades. Figure 1, Panel A, shows

the trend in this gap for three end-of-cycle grades—4, 6, and 9. �e gap, represented by the coe�cient

from a regression of grade repetition on a dummy variable for having at least one college-educated

parent, decreases over time. However, students from more educated households consistently repeat at

lower rates. Students from more educated households repeat at relatively lower rates, although the grade

repetition gap falls throughout the years. In our empirical analysis, we interact grade with academic year

dummies to partial out di�erences across years and grades.

Like grade repetition, school performance—as measured by grade point average (GPA)—di�ers sig-

ni�cantly across subgroups. Students without college-educated parents have substantially lower GPAs

in lower secondary education (Appendix Table E.2), with a gap equivalent to 85% of a standard deviation.

Interestingly, while these di�erences in school performance help explain the gap on grade repetition, we

�nd that schools seem less favorable to students from lower educated households, conditional on being

eligible for repetition. Children with CE parents are about 4 p.p. less likely to repeat than equally eligible

students without CE parents (Appendix Table E.1, Columns 3 and 4).

Unsurprisingly, parental education also strongly predicts high school track choices at the end of

lower secondary education. Children of college-educated parents are 22p.p. more likely to enroll in

the high school track that typically leads to college education. Even a�er controlling for the number of

grade repetitions throughout students’ school paths, the gap in high school track enrollment by parental

education remains large (Appendix Figure E.1).

Fact 3. Substantial segregation across schools by parental education.

Re�ecting wide disparities in parental education by neighborhood, students are highly segregated

across schools. Figure 1, Panel B, depicts the distributions of cumulative exposure to CE parents by

parental background. On average, children without CE parents exposed to 12.4p.p. fewer peers who

9
In this empirical analysis, we include school-by-year �xed e�ects to account for di�erences in grade repetition policies

across schools and within schools over time.
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Figure 1. Grade Repetition and Cumulative Exposure to CE Parents by Parental Background

(a) Parental Education Grade Repetition Gap by Year

(b) Distributions of Cumulative Exposure to CE Parents

Notes. Panel A presents grade repetition gaps by academic year in the sample, for end-of-cycle grades (4,6, and 9), where the grade repetition

gap is measured as the coe�cient of a regression of grade repetition on a dummy indicating whether at least one of the parents is college-

educated. Panel B depicts the distributions of the cumulative exposure variable de�ned in Equation 1, separately by children with and without

college-educated parents. �e sample includes all public school students in mainland Portugal that can be followed since Grade 1, between

2006 and 2016.

have CE parents than those with CE parents (Appendix Table E.2). Beyond the wide gap across groups,

there is considerable variation in exposure within groups. About 9% of children without CE parents were

never exposed to peers with CE parents, in any given year.
10

On the other hand, about a quarter of the

10
Most observations with li�le exposure occur in relatively small primary schools, with an average of 15 students in the
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students in each given year have cumulative exposures above 26%.
11

Exposure to peers with college-educated parents re�ects wide disparities in the distribution of these

households across the territory (Appendix Figure A.4). Likewise, within municipalities, there is consid-

erable segregation by parental education across schools (Appendix Figure A.5).

Fact 4. Children who are more exposed to peers with college-educated parents are less likely to repeat.

�e relationship between grade repetition and cumulative exposure to peers with CE parents is

downward-sloping and linear across most of its support (Appendix Figure A.3), indicating that students

with greater exposure are also less likely to repeat. Importantly, this correlation masks substantial sort-

ing across neighborhoods and schools, even if only among the individual without CE parents. Students

living in poorer neighborhoods are simultaneously exposed to fewer colleagues with CE parents and at

a higher risk of grade repetition (Appendix Figure A.4). In Section 4.1 we present the empirical strategy

we use to uncover the e�ect of this type of exposure on school outcomes.

2.5. Summary Statistics

Table 1 presents summary statistics of our main analysis sample. �e average child is ten years old,

and less than one in every �ve of their colleagues in the same grade have at least a parent that has

completed college. Students in our sample are relatively poor, with almost six in every ten bene�ting

from free or reduced price lunch bene�ts.
12

A small percentage (2%) of students are foreign-born, al-

though the cumulative exposure to immigrants is almost 4%, re�ecting high immigrant concentration

in some neighborhoods. �e sample is relatively balanced in terms of gender, with boys being slightly

over-represented. �e rate at which students repeat, in each year, is 7.7%. Importantly, though, 26.5% of

students in the analysis sample repeat at least once while observed (Appendix Table A.7).

3. Empirical Strategy and Estimation

In this section, we present our main identifying assumptions and empirical strategy. We estimate the

e�ect of interest by comparing siblings in the same academic year using a within-family-by-year �xed

e�ects estimator. We also discuss evidence supporting our design, characterize the identifying variation,

and address potential endogeneity concerns.

3.1. Identifying Variation

Exposure to peer characteristics is endogenous to parental decisions. Families sort into neighbor-

hoods and enroll their children in local schools based on factors like neighborhood quality and ho-

mophily. Parents may also respond to changes in cohort composition.

grade. Appendix Figure A.1 depicts the distribution of the percentage of students with CE parents at the school-year level,

separately by grade.

11
Appendix Figure A.4 depicts the geographical distribution of student characteristics across the country.

12
Free or reduced price lunch eligibility in Portugal is determined by falling within income brackets that also determine

eligibility for other social transfers.
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Table 1. Summary Statistics of the Main Analysis Sample

Observations Mean / % Std. Dev.

Outcome:
Repeat the Grade (%) 766,054 7.73 26.70

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 766,054 18.79 13.83

Contemporaneous Exposure to Students with CE Parents (%) 765,698 19.59 14.34

Mean Cumulative Exposure of Siblings (%) 766,054 18.73 13.68

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 766,054 41.26 18.58

Cumulative Exposure to Immigrant Students (%) 766,054 4.26 5.22

Cumulative Exposure to Students with CE Parents, in class (%) 766,054 18.33 15.18

Individual Controls:
Female (%) 766,054 48.61 49.98

Age (in Years) 766,054 9.78 2.58

Free or Reduced Price Lunch [FRPL] (%) 766,054 59.32 49.12

Immigrant (%) 766,054 1.96 13.87

Internet at Home (%) 766,054 51.58 49.98

Number of Siblings 766,054 1.68 0.93

Birth Order 766,054 1.86 0.89

First Born (%) 766,054 38.58 48.68

Di�erence in Years to First Born 766,054 3.48 4.10

Notes. �e sample includes all public school students in mainland Portugal that can be followed since Grade 1, between 2006 and 2016, have at

least one sibling enrolled in the public education system in the same academic year, and whose parents have no college education. See Section

2.3 for further details on sample restrictions.

For identi�cation, we exploit variation in peer composition across cohorts within the family. Each

academic year, incoming cohorts display variation in student composition.
13

Within the same school,

year-on-year changes re�ect shocks to school demand due to parental preferences and idiosyncratic

changes in neighborhood demographics. Parents start by enrolling their �rst-born in school. �ose with

multiple children subsequently enroll younger siblings throughout the following years, usually in the

same school as the �rst-born.
14

Siblings starting school in di�erent academic years will thus be exposed

to di�erent levels of cumulative exposure.

Our main identi�cation assumption is that these di�erences in cumulative exposure between siblings,

a�er controlling for di�erences across schools and grades within the same academic year, are as good as

randomly assigned. Under this conditional independence assumption, the identifying variation comes

from siblings enrolled in di�erent grades in the same school or in the same grade but di�erent schools in

the same academic year. By controlling for grade-by-year �xed e�ects, we account for trends in exposure

within each grade. School-by-year �xed e�ects absorb all variation across schools in each year.

3.2. Main Speci�cation

We identify the e�ect of exposure to students with college-educated (CE) parents by restricting the

sample to students without CE parents who have at least one sibling observed in the same academic

year. Our �xed e�ects speci�cation is de�ned as follows:

13
�e standard deviation in the share of children with CE parents within schools in Portugal is over 8%.

14
Appendix Figure A.2 shows the distribution of family size among in our full sample. Among our identi�ed 767, 906

families, 50.2 percent of families have more than one child. Among the families with more than one child, 85 percent

enroll all siblings in the same public school in �rst grade.
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Yisgt = α + γgt + θst + λ� + βEisgt +Xisgtδ + εisgt . (2)

�e outcome variable Yisgt represents the outcome of interest, typically grade repetition, for student

i, in school s, grade g, and year t. Our main regressor of interest is the cumulative exposure to peers with

CE parents (Eisgt ), as de�ned in Equation 1. We also include grade-by-year �xed e�ects (γgt ), school-

by-year �xed e�ects (θst ), and family-by-year �xed e�ects (λ� ), as according to our main identifying

assumption.

To improve precision and to test how sensitive the coe�cient of interest (β) is to individual-level

controls, we also include a vector of individual-level covariates (X), namely gender, immigration sta-

tus, eligibility for free or reduced-price lunch (FRPL), and birth order �xed e�ects.
15

For inference, we

cluster the standard errors at the cohort level (school-by-grade-by-year) to account for within-cohort

correlation.

Interpretation.— A fundamental concern is how to interpret the estimated β in Equation 2. Our

exposure measure captures the potential for children from non-college-educated households to engage

with peers from college-educated families. In the data, we have no direct measure of whether these

relationships are actually established, so we cannot account for compliance with this plausibly exogenous

assignment. As noted by Bifulco et al. (2011), to the extent that social networks form endogenously, we do

not aim to establish the causal link of this speci�c social contagion channel, as these cannot be separately

identi�ed from other contextual factors that can change with the variation we exploit.
16

Instead, we

interpret our estimates as intention-to-treat e�ects, acknowledging that these cannot be disentangled

from other contextual factors in�uenced by the variation we exploit. In Section 5 we discuss and provide

suggestive evidence for some potential mechanisms.

Crucially, the exposure e�ect we estimate can be driven by parental education or by other correlated

characteristics of highly educated households, such as income. We argue that exposure to households

with higher parental education necessarily implies exposure to other characteristics of highly-educated

families, in�uencing the interpretation of our estimate. To gauge how much parental education still

stands relative to other household features we report robustness checks that control for cumulative

exposure to immigrants and economically disadvantaged students (Section 4.2).

3.3. Identi�cation Challenges

�e ability of our empirical strategy to identify the causal parameter of interest faces mainly �ve

concerns: su�cient identifying variation, selection into identi�cation, selection into exposure, within-

family spillovers, re�ection bias, and exclusion bias. In this section, we discuss each of these challenges

15
While some of these individual controls vary at the family-level, there may still be variation within-family, for instance,

on whether the student is foreign-born or bene�ts from FRPL, beyond gender and birth order.

16
As, for instance, Wang (2023), which develops a method to identify the causal e�ect of forming particular social links.
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and present evidence in favor of our identifying assumptions.

Su�cient Variation.— To allay concerns about limited variation, we quantify and characterize

residual variation a�er absorbing all �xed e�ects in the main speci�cation (Appendix Table A.8, Ap-

pendix Figure A.6). Including all �xed e�ects absorbs 70% of the total variation in cumulative exposure.
17

Importantly, the standard deviation of the residuals of our most stringent speci�cation is of 4p.p.. �us,

while the estimates are driven by small changes in cohort composition, there is su�cient variation in

the residuals to produce precise estimates of our parameter of interest (see Section 4.1).

Selection into Identi�cation.— Not all families have variation in peer cumulative exposure across

siblings.
18

In our preferred speci�cation, cases with no variation in the residualized measure of cumu-

lative exposure may include twins with identical educational pathways or siblings in schools with no

exposure to students with CE parents. Larger families, on the other hand, are more likely to have greater

variation in exposure across siblings. Since e�ects are not identi�ed when there is no within-family-by-

year variation, non-random selection of families into the identifying sample may occur. To the extent

that the estimated e�ects may be heterogeneous across groups and selection into identi�cation is sub-

stantial, the estimated β may be biased relative to the parameter of interest to our population (Miller

et al., 2021). We �nd that the observations for which we have identifying variation are signi�cantly more

likely to repeat the grade, be male, poor, and come from larger families relative to those with no varia-

tion (Appendix Table B.9).
19

In light of this evidence, our �ndings are quali�ed by the fact that there is

some selection into identi�cation. However, observations for which there is non-negligible identifying

variation are the large majority (about 90%) of our analysis sample.

Selection into Exposure.— Our main identifying assumption has to be empirically plausible. We

conduct informal tests to suggest that omi�ed variable bias is unlikely in our context. In particular, we

examine whether changes in cumulative exposure to peers with CE parents are correlated with observ-

able characteristics when conditioning on our full set of �xed e�ects. Considering the level of selection

on observables as an indication of the level of selection on unobservables, a vanishing correlation be-

tween covariates and the regressor of interest under our design lends it credibility.

In Figure 2, we show that there are no relevant di�erences in cumulative exposure across socioeco-

nomic groups when residualized of the �xed e�ects in our main speci�cation. We plot absolute stan-

17
Appendix Table A.8 presents summary statistics of residuals across di�erent models. Appendix Figure A.6 illustrates the

distributions of residuals across di�erent models. Removing school-by-year and grade-by-year �xed e�ects reduces the

standard deviation in cumulative exposure by 50%, from 0.14 to 0.07. Adding family-by-year �xed e�ects absorbs about

70% of the total variation. Moreover, 90% of this residual variation occurs between –0.07 and 0.07 (Appendix Table A.8).

18
Appendix Figure A.6 shows considerable bunching in the distribution of residuals close to zero, indicating cases where

siblings have very similar exposure levels.

19
In Appendix B we analyze the potential in�uence of this type of selection. As in Miller et al. (2021), we analyze this

potential selection bias by comparing “non-switchers” (families with li�le to no variation) and “switchers” (families with

some variation). Contrary to the cases in Miller et al. (2021), we do not have a binary treatment. However, we use the

residuals of our preferred speci�cation to identify other variation close enough to zero. We �nd that non-switchers are

just 11% of the sample, according to our de�nitions.
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dardized di�erences (Imbens and Wooldridge, 2009) between those with and without a particular demo-

graphic characteristic, allowing for di�erent types of comparisons. �e dash line indicates a benchmark

0.1 standardized di�erence as the threshold above which di�erences across groups are potentially prob-

lematic (Austin, 2011). Using all possible variation in the data, we see that there are large di�erences in

exposure based on households’ socioeconomic characteristics, such as being eligible to free or reduced-

price lunch (FRPL) and having internet at home (circle markers). Figure 2 shows that our design e�ec-

tively breaks any strong correlations in terms of observables—as measured by the variation residualized

of school-by-year, grade-by-year and family-by-year �xed e�ects (diamond markers). In particular, it

breaks the correlation between observables and exposure that would remain if using a within-school,

across-cohort design (triangle markers). Alternatively, we also check for balancing on observables by

regressing cumulative exposure on a series of students’ characteristics, with qualitatively similar diag-

nostic conclusions (Appendix Table B.10). Finally, we verify whether our main coe�cient of interest in

Equation 2 is robust to including observable covariates (see Section 4.1).

Importantly, endogeneity may still be a concern if parents strategically allocate siblings to schools

with di�erent peer composition based on unobservable ability di�erences. We carefully address this

possibility in Section 4.1.

Figure 2. Differences in Cumulative Exposure Across Groups

Notes. �e �gure depicts absolute standardized di�erences between those with and without the speci�c socioeconomic characteristics in the

vertical axis in terms of (i) cumulative exposure to students with college-educated parents (E); (ii) E residualized of grade-by-year and school-

by-year �xed e�ects; and (iii) E residualized of grade-by-year, school-by-year, and family-by-year �xed e�ects. Standardized di�erences for

each characteristic X are computed as

∣∣∣∣ ĒX=1
–ĒX=0√

(Var(EX=1
)+Var(EX=0

))/2

∣∣∣∣, where ĒX=j is the mean exposure for those where X = j, j ∈ {0, 1}. �e dash

line represents a standardized di�erence of 0.1.

Intrahousehold Spillovers.— Because we rely on comparisons across siblings, spillovers within the

16



household may contaminate our estimate of interest. Relying on within-family di�erences, we cannot

separately identify the direct e�ect of peer exposure from the in�uence that siblings’ exposure may have

on individual outcomes. Conditional on both these e�ects going in the same direction and a smaller

in�uence of siblings exposure, we interpret β̂ as a lower bound of our e�ect of interest. Appendix C.2

presents a detailed discussion of this concern, and reports evidence in favor of these assumptions. We

further discuss these intrahousehold spillovers in Section 4.1.

Re�ection Bias.— In the estimation of peer e�ects, a re�ection bias can emerge when treatment

and outcomes are measured contemporaneously (Manski, 1993). For instance, each individual’s ability

can simultaneously cause and be caused by their peers’ ability. However, because we rely on exposure

to a predetermined variable—parental college education—predictive of, but not contemporaneous peer

ability, re�ection is not a concern in our se�ing.

Exclusion Bias.— Recent literature has identi�ed a mechanical downward bias in the estimation of

peer e�ects, even in a context of random group assignment (Caeyers and Fafchamps, 2024; Guryan et al.,

2009). In contexts where individuals and the peer group are drawn from the same population, there is an

inherent bias as each individual is drawn without replacement. For instance, given a certain distribution

of ability in the population, a high (low) ability individual is more likely to being exposed to lower

(higher) ability peers, on average. �is leads to a negative correlation between individual characteristics

and the average characteristic of the individuals in the peer group.

However, with our research design exclusion bias is not a concern. Because we only include in our

sample students without CE parents, assignment to groups with di�erent concentrations of peers with

CE parents is not a�ected by the characteristics of the individuals in our sample.

4. �e E�ect on Grade Repetition

In this section we present our estimates of the e�ect on educational a�ainment. We �nd that higher

exposure to peers with college-educated parents decreases the likelihood of grade repetition for children

from less educated households. We also show that our �ndings remain robust across di�erent de�nitions

of exposure and speci�cations.

4.1. Main Results

Table 2 reports our main results. Across all speci�cations we keep the same sample of students with-

out CE parents, with at least one sibling who is also enrolled in a public school in the same academic

year (see Table 1). As a benchmark, in Column 1, we report the estimated endogenous linear relationship

between exposure to students with CE parents and grade repetition (Appendix Figure A.3). �e coe�-

cient of –0.09 (s.e. = 0.026) implies that a standard deviation increase in cumulative exposure (13.8 p.p.)

is associated with a 1.2 p.p. decrease in grade repetition, or 15.5% over the sample mean.

In Column 2, we present a speci�cation in which we include school-by-year and grade-by-year �xed

17



Table 2. Grade Repetition and Exposure to Students with College-Educated Parents

Outcome: Grade Repetition

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

Exposure to CE -0.091 -0.124 -0.029 -0.028

(0.0026) (0.0045) (0.0063) (0.0063)

R-squared 0.002 0.109 0.610 0.611

Observations 766,054 766,054 766,054 766,054

Mean Dep. Var. .077 .077 .077 .077

School-by-Year FE No Yes Yes Yes

Grade-by-Year FE No Yes Yes Yes

Family-by-Year FE No No Yes Yes

Individual Controls No No No Yes

Notes. �e table reports estimates of β, for alternative speci�cations of the preferred model presented in Equation 2. �e sample is an

unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a

sibling enrolled in public school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade

repetition in the end of a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since Grade 1 until

the current grade, as de�ned in Equation 2. Individual controls include indicator variables identifying whether the is female, foreign-born, has

internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year

level are presented in parentheses.

e�ects. We �nd a stronger negative association between our exposure measure and grade repetition, in

which a standard deviation increase in cumulative exposure leads to a decrease of about 1.7 p.p. in the

probability of repeating the grade. On the one hand, school-by-year �xed e�ects absorb all across-school

variation in grade repetition policies, as well as di�erences in exposure to students with CE parents, for

each academic year. On the other hand, grade-by-year �xed e�ects take care of di�erences across grades

in each year. In this case, we compare students within the same school and academic year across di�erent

grades, or students within the same grade and academic year across di�erent schools. Crucially, parents

can still di�erentially sort into schools on the basis of grade and school composition. Some families

without college-educated parents may strategically sort into neighborhoods and schools with stronger

exposure to families with CE parents.

In Columns 3 and 4, we show estimates from our preferred speci�cations. Family �xed e�ects con-

trol for sorting across families, but also underlying cognitive and non-cognitive traits that are common

across siblings. With the interaction between family and year, and following Figlio et al. (2023a), we re-

strict these within-family comparisons to also be within-year, controlling for potential life-cycle changes

within the family. We estimate a coe�cient of –0.029 (s.e. = 0.0063) (Table 2, Column 3). Reassuringly,

the estimate does not not change substantially when including individual controls (Table 2, Column 4).

�e estimated e�ect is precisely estimated, statistically signi�cant (p < 0.01), and with a relatively nar-
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row 95% con�dence interval, [–0.041, –0.017]. Appendix Figure E.2 also shows that the non-parametric

relationship between our outcome and main independent variable, residualized of school-by-year, grade-

by-year and family-by-year �xed e�ects, is well approximated by a linear �t.

�e magnitude of our estimate leads us to conclude that exposure to students with college-educated

parents o�ers some protection against grade repetition for children from less educated households. To

understand the economic signi�cance of our e�ects we can perform a ceteris paribus thought experi-

ment of moving a student across schooling pathways with di�erent concentrations of peers with college-

educated parents. Moving from the 10th (2.9%) to the 90th percentile (37.8%) of the distribution of cumu-

lative exposure to students with CE parents would decrease the likelihood of repetition by about 1p.p, or

13% of the sample mean.
20

An e�ect this size corresponds to about a ��h of the gap in grade repetition

between children with and without CE parents (see Section 2.4).

Within-Family Spillovers.— We interpret our estimates as the lower bound of the parameter of

interest. With our research design we cannot separately identify the direct e�ect of peer exposure from

the spillover e�ect of siblings exposure.
21

�e e�ect of higher peer exposure on an individual may also

in�uence their siblings. Empirical evidence shows that siblings in�uence each others’ behavior in edu-

cational contexts in multiple ways (e.g. Figlio et al., 2023b; Altmejd et al., 2021). As long as the spillover

e�ect has the same sign and is smaller than the direct e�ect, comparisons across siblings will underes-

timate the direct e�ect of peer exposure on the individual (see Appendix C.2). To provide evidence in

support of these conditions we design an alternative speci�cation without family-by-year �xed e�ects,

but in which we separately include individual and average siblings exposure (Equation C.10, Appendix

Table C.1). Independently of the child’s birth order, the coe�cient of siblings’ exposure is consistently

smaller and the same sign as the coe�cient of own exposure on individual outcomes, lending credibility

to our interpretation.

Strategic Enrollment.— An important endogeneity concern is whether families strategically enroll

their children in di�erent schools based on cohort peer composition. Unobserved di�erences across sib-

lings may drive strategic enrollment decisions of parents making di�erent human capital investments by

child (Becker and Tomes, 1976). For example, parents may enroll higher-achieving children in schools

with more college-educated peers due to perceived higher returns on investment, which could bias our

estimates upward. Conversely, if parents with an egalitarian approach enroll their lower-achieving chil-

dren in more exposed schools our estimates could be downward-biased. However, we argue that strategic

enrollment is unlikely to be signi�cant in our se�ing. Priority placement based on geographic catchment

areas and having an older sibling in the same school limit the incentives to enroll siblings in di�erent

20
�is is equivalent to moving from an average-sized cohort of 80, with only 2 children with college-educated parents, to a

similarly sized cohort with 30 children with CE parents.

21
In Appendix C.2 we formally present the argument for interpreting the e�ect as a lower bound.
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schools.
22

Moreover, enrolling siblings in di�erent schools can be motivated by reasons other than cohort

composition. Notably, school closures—highly prevalent in our period of analysis—force some parents to

enroll children in di�erent schools, when reaching the same grade.
23

Finally, while our research design

allows for identifying variation to come from siblings enrolled in di�erent schools, school-by-year �xed

e�ects take care of di�erences in peer composition across schools in the same year. Potential endogene-

ity would be concerning only if parents enroll children of di�erent unobserved ability in speci�c school

cohorts based on their present or expected peer composition. �erefore, in terms of identi�cation, the

possibility of strategic enrollment within the family using this research design does not cost us more

than what a within-school, across-cohort strategy would.

Is it College Education?— It could be that other household characteristics are driving the e�ects.

Evidently, families with college-educated parents are di�erent from other families in multiple dimen-

sions other than parental education. In particular, households with highly educated parents are less

likely to be poor and foreign-born. To understand whether our estimated e�ect is driven by these other

characteristics, we extend the models presented in Table 2 to include controls of cumulative exposure

to immigrant students and recipients of free or reduced price lunch (FRPL). Table 3 report the main co-

e�cients of interest. In our preferred speci�cations (Columns 3 and 4), controlling for these additional

measures of cumulative exposure only slightly a�enuates our point estimates, which remain signi�cant

(p < 0.01). �ese �ndings suggest that exposure to students with CE parents still ma�ers for grade repe-

tition beyond di�erences in exposure to poor and immigrant students. �e results in Table 3 also suggest

that exposure to FRPL students and immigrants increase the likelihood of grade repetition, although the

la�er coe�cient is imprecisely estimated and not statistically di�erent from zero.

Discussion.— �e e�ect size we uncover is of similar magnitude to estimates on high school com-

pletion rates in the US. Bifulco et al. (2011) �nd that a standard deviation increase in peers with college

educated mothers is associated with a 4.7p.p. increase in the likelihood of high school graduation, or

5% over the sample mean. In our case, a standard deviation increase leads to a 0.4p.p. decrease in the

likelihood of repetition, also 5% over the sample mean. However, our estimates are not directly compa-

rable for a few reasons. First, the determinants of high school completion may be di�erent than those of

yearly grade repetition. Second, we restrict our focus to the sample of students without college-educated

parents, rather than all students. �ird, we consider peers in the same grade rather than exclusively in

the same class. Finally, our research design uses a di�erent source of identifying variation, taking care

of unobserved family heterogeneity.

Importantly, we �nd that the e�ect using our preferred speci�cation (Table 2, Column 4) is only about

a quarter of the e�ect size uncovered with a speci�cation controlling just for school-by-year and grade-

22
In our sample, about 80% of the parents enroll their children in the same school, when in the same grade.

23
Over 32% of public schools in our sample have closed or have consolidated during our period of analysis.
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Table 3. Effect on Grade Repetition, Controlling for Other Exposures

Outcome: Grade Repetition

(1) (2) (3) (4) (5) (6)

Exposure to CE -0.0235 -0.0235

(0.00647) (0.00647)

Exposure to FRPL 0.0218 0.0171 0.0123 0.0123

(0.00477) (0.00477) (0.00493) (0.00493)

Exposure to Immigrants 0.0187 0.0177 0.0149 0.0149

(0.0144) (0.0144) (0.0144) (0.0144)

R-squared 0.610 0.611 0.610 0.611 0.611 0.611

Observations 766,054 766,054 766,054 766,054 766,054 766,054

Mean Dep. Var. .077 .077 .077 .077 .077 .077

School-by-Year FE Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes

Family-by-Year FE Yes Yes Yes Yes Yes Yes

Individual Controls No Yes No Yes No Yes

Notes. �e table reports estimates of β, for alternative speci�cations of the preferred model presented in Equation 2. �e sample is an

unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a

sibling enrolled in public school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade

repetition in the end of a given grade-year. �e regressors of interest are the cumulative exposure to students with CE parents, immigrants, and

recipients of FRPL, since Grade 1 until the current grade, in de�nitions analogous to that in Equation 2. Individual controls include indicator

variables identifying whether the is female, foreign-born, has internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects.

Robust standard errors clustered at the school-by-grade-by-year level are presented in parentheses.

by-year �xed e�ects (Table 2, Column 2). On the one hand, each speci�cation uses a di�erent source of

identifying variation. Because we restrict di�erences across cohorts to within-family comparisons, our

estimator is relatively more conservative in the type of variation it allows. To the extent that siblings

provide a more plausible counterfactual to an individual than just any other peer in adjacent cohorts,

our variation is arguably less confounded. On the other hand, the estimates in each speci�cation may

include di�erent spillover e�ects. With our research design, we explicitly acknowledge that the possibil-

ity of within-family spillovers allow us to identify a lower bound of our parameter of interest (Appendix

C.2). �erefore, we cannot reject that these di�erences across designs fully stem from within-family

spillovers. However, other types of interference may still be present in within-school, across-cohort

types of speci�cations.

4.2. Robustness

To a�est the sensitivity of our main results we run a ba�ery of robustness checks. We divide these

by sensitivity to alternative de�nitions of exposure, samples, speci�cations and clustering of standard

errors.
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Missing Parental Education.— In the measure described in Equation 1 and used to report results

in Table 2, the total number of students in each grade-school cell restricts the count to students with

no missing information on parental education.
24

Since this variable is not missing at random, as stu-

dents with missing parental education are more likely to be poor, more missing information in parental

education may overestimate the measure of cumulative exposure for some students. We compute an

alternative, more conservative version of our regressor of interest, for which all students with missing

information on parental education are treated as not having college-educated parents. In Appendix Ta-

ble E.3 we report the same speci�cations as those of our main results. Using this alternative measure of

exposure, we uncover quantitatively similar estimates.

Di�erent De�nitions of Exposure.— Our main de�nition of cumulative exposure assumes that

exposure in previous academic years carries the same weight as contemporaneous exposure. As in Figlio

et al. (2023a), we also expand our de�nition of cumulative exposure and use a cumulative exposure

function which uses a more general speci�cation depending on a decay parameter (κ):

Eisgt (κ) =

∑
t≤t′≤t Share of Peers with CE Parentsisgt′ × e1–κ(t–t′)∑

t≤t′≤t e1–κ(t–t′) . (3)

When κ = 0 the measure in Equation 3 is the same as our main measure of cumulative exposure in

Equation 1. However, as κ grows, less weight is given to exposure in previous academic years. Figure 3

depicts the coe�cients and the 95% con�dence intervals, from regressions with the same speci�cation

as Equation 2, using our general measure of exposure, for di�erent values of the decay parameter κ. We

conclude that the qualitative interpretation and magnitude of our estimated coe�cient is similar across

di�erent de�nitions of exposure. �e estimated coe�cient monotonically decays with κ, stabilizing in

around the same estimated value a�er κ = 3. For all values of κ reported, we reject the hypothesis of no

e�ect on grade repetition.

We also investigate whether our results change when using a measure of contemporaneous expo-

sure as our regressor of interest (or equivalently, when κ→∞). Under this alternative speci�cation, we

only exploit variation stemming from di�erences in exposure in a given grade-year cell rather than the

average exposure across all grades.
25

Under this type of model, we test what would be the e�ect if past

exposure had no in�uence in our dependent variable, and all of the e�ect would be exclusively driven by

di�erences in contemporaneous exposure. Previous literature has mostly relied on this type of contem-

poraneous variation to estimate spillover e�ects of parental education (Fruehwirth and Gagete-Miranda,

2019; Bifulco et al., 2011; McEwan, 2003; Bonesronning and Haraldsvik, 2014). Appendix Table E.4 re-

24
Students with missing information on our measure of parental education account for only 3% of the full sample described

in Appendix Table A.1.

25
Because children are, on average, more exposed to peers with CE parents as they advance throughout grades and academic

years, (see Appendix Figure A.1) contemporaneous exposure is relatively larger than cumulative exposure (see Table 1).
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Figure 3. Effect on Grade Repetition for Different Definitions of Cumulative Exposure

Notes. �e �gure depicts estimates of β in Equation 2 in the main text, for di�erent de�nitions of cumulative exposure to peers with college-

educated parents, varying with decay parameter κ in Equation 3. Bars represent 95% con�dence intervals. Each value in the x-axis represents

a di�erent value of κ. �e lower dashed line represents the estimated coe�cient using the speci�cation in Table 2, Column 4.

ports our results. We �nd that the e�ects are qualitatively similar but relatively smaller in magnitude.

We uncover a coe�cient of –0.018 (s.e. = 0.0068), or about two-thirds the size of the one in our preferred

speci�cation (–0.029, Table 2, Column 5). �ese �ndings suggest that the average exposure across grades

changes the likelihood of grade repetition not only through contemporaneous exposure.

Finally, we test a de�nition of exposure which is simply the average number of peers with CE parents

across the years, rather than the convex combination of exposure shares:

Ẽisgt =

1

t – t + 1

∑
t≤t′≤t

# Peers with CE Parentsisgt′ . (4)

It could be that small changes in shares do not translate into actual discrete di�erences in the number

of peers. �e exposure de�nition in Equation 4 allows to estimate the e�ect of absolute exposure rather

than the relative intensity of exposure. Appendix Table E.5 reports our results. We �nd that the e�ects are

qualitatively similar. With this de�nition of exposure, we estimate that ten more peers with CE parents

in the grade leads to a decrease of half a percentage point in the likelihood of grade repetition. In relative

terms, this is similar to the magnitude of our main results, suggesting that our preferred estimates are

not driven by the choice of shares in the de�nition of exposure.

Exposure at the Class Level.— To allay concerns with classroom formation our cumulative ex-

posure variable is measured at the cohort level, not at the class level. Indeed, in Appendix D we show

evidence that students are not randomly assigned to classes. Despite this form of potential endogeneity,
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we test whether there would be an e�ect if only classroom peers would in�uence individual outcomes

and the decisions on classroom formation decisions were based on the same observables as we have

available. To that end, we run a similar speci�cation to the one in Equation 2, but in which peers are

now de�ned as those within the same class. Under this alternative de�nition of exposure, we �nd qual-

itatively identical results but, as expected, larger in magnitude (Appendix Table D.1, Column 4).

Sensitivity to the Sample.— To allay concerns with our panel of students being unbalanced, we

test how each grade contributes to our estimated e�ect. We start by documenting how the e�ect changes

by iteratively removing observations from each grade from our analysis sample. In these speci�cations,

the identifying variation originates from comparisons between siblings, excluding the observations in

which they are at a given grade which is excluded (Appendix Figure E.3). Overall, the e�ect is consistent

across samples.

Alternative Speci�cation.— In Appendix Table E.6 we report results with a di�erent speci�cation

than the one in Equation 2, without family-by-year �xed e�ects. For each individual, we create de-

meaned versions of the outcome and exposure variables (∆Y , ∆E), where we subtract the mean of each

individual’s siblings for these variables. We then run the following speci�cation:

∆Yisgt = α + γgt + θst + β2∆Eisgt +Xisgtδ + εisgt . (5)

In this case, β2 identi�es an e�ect of having relatively higher exposure than one’s siblings, but al-

lowing for comparisons across families. In this analysis, we �nd qualitatively similar results. We also

�nd that the magnitude of the e�ects is increasing with birth order (Appendix Table E.6, Columns 2-8).

Alternative Clustering.— Could the level at which standard errors are being clustered make us fail

to reject the null hypothesis of no e�ect of cumulative exposure? In Appendix Table E.7 we consider dif-

ferent levels of clustering and �nd no signi�cant changes in the 95% con�dence intervals of our estimate

of interest.

4.3. Heterogeneity

We also investigate whether children in di�erent types of families bene�t di�erentially from higher

exposure to peers with college-educated (CE) parents. In particular, we focus on heterogeneity by family

size, income and the gender mix of siblings in the household. Moreover, we expand our main analysis

to include e�ects of exposure to peers with CE parents among children of a similar family background.

Family Size.— We test whether peers’ in�uence is stronger among larger families without CE par-

ents. Parental investment per child may be lower among families with more children. �e quality of

school inputs—such as peer composition—may thus have a stronger e�ect on the human capital of chil-

dren of these families. Consistent with this hypothesis we �nd larger e�ects among families with three
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or more siblings. On the other hand, we �nd small, insigni�cant e�ects among families with just two

children (Appendix Table E.8). Importantly, families of di�erent size vary along many dimensions. In

particular, children in larger families are more likely to be poor, repeat the grade, or have fewer peers

with CE parents. Moreover, given our research design, larger families are more likely to have identify-

ing variation across siblings (Appendix Table B.9).
26

However, we �nd the distributions of residualized

exposure by family size to be overlapping and with an identical standard deviation (Appendix Figure

E.4). �erefore, any di�erences in the estimated coe�cients are likely not being driven by di�erences in

identifying variation across family size.

Poverty.— �e e�ect may also di�er across families of di�erent socioeconomic status. To study the

e�ect by family income we divide the sample in families for which children bene�t from free or reduced

price lunch (FRPL) and those that do not. FRPL is our best proxy of poverty and income di�erences

in the data. Table 4 reports the estimated e�ects, separately by these di�erent groups. We �nd that

the magnitude of the e�ect among those that do not bene�t from FRPL is relatively large (–0.03) and

statistically signi�cant (p < .01), especially given the relatively lower prevalence of grade repetition in

this group (4.7%). On the other hand, the e�ect among poorer students is smaller (–0.02) and more noisily

estimated (p < .05). As with family size, the distributions of residualized exposure by FRPL eligibility are

identical (Appendix Figure E.5). �ese results suggest that economic distress—or other characteristics

with it associated—reduces the potential bene�ts of higher exposure to peers with CE parents.

Siblings Gender Mix.— We test for di�erences in our estimated e�ect by siblings’ gender composi-

tion. We divide our sample in families having only-male (25%), only-female (22%), or a mix of male and

female children (53%). Appendix Table E.9 reports the results of this analysis. We �nd that the magni-

tude of the e�ect of exposure to peers with CE parents on grade repetition is larger among families with

only-male (–0.039) and both male and female children (–0.29). On the other hand, we estimate small

(–0.007) and not statistically signi�cant results for families with only girls.

Parental Education.— �e main results (Table 2) refer to students whose parents have no college-

education, as it pertains to our research question. We replicate our analysis to all children, including

those with CE parents, while acknowledging the downward bias introduced by exclusion bias (see dis-

cussion in Section 3.3). Appendix Table E.10 reproduces the speci�cations reported in Table 2 in a sample

including all children. We �nd that the estimates are in all identical to the ones in our main analysis.

Indeed, students with CE parents also seem to bene�t from greater exposure to peers with similarly

educated parents, even though grade repetition is a much rarer event in this subgroup (Appendix Table

E.11).

26
See discussion on selection into identi�cation in Section 3.
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Table 4. Heterogeneity by FRPL Status

Without FRPL With FRPL

(1) (2) (3) (4) (5) (6)

Exposure to CE -0.0770 -0.0263 -0.0308 -0.124 -0.0113 -0.0221

(0.00591) (0.00923) (0.00920) (0.00706) (0.0104) (0.0104)

Std. Coef. -.053 -.018 -.021 -.055 -.005 -.01

R-squared 0.165 0.657 0.659 0.140 0.625 0.628

Observations 256,395 256,395 256,395 403,690 403,690 403,690

Mean Dep. Var. .047 .047 .047 .097 .097 .097

School-by-Year FE Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes

Family-by-Year FE No Yes Yes No Yes Yes

Individual Controls No No Yes No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade repetition in the end

of a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since they are �rst enrolled in Grade

1. In Columns 1 through 3, the sample only includes individuals who do not bene�t from free or reduced price lunch (FRPL). In Columns 4

through 6, the sample only includes individuals that bene�t from FRPL. �e standardized coe�cient shows the e�ect of a standard deviation

change in the independent variable in terms of standard deviations of the dependent variable. Individual controls include indicator variables

identifying whether the is female, foreign-born, has internet at home, as well as birth order �xed e�ects. Robust standard errors clustered at

the school-by-grade-by-year level are presented in parentheses.

5. Mechanisms

�is section explores some channels through which greater exposure to peers with college-educated

(CE) parents might reduce grade repetition. Our �ndings in Section 4 are reduced-form estimates of the

parameter of interest. Our analysis has not yet addressed the behavioral foundations of this estimated ef-

fect. In particular, we consider two potential channels: (i) social contagion and (ii) contextual e�ects. On

the one hand, individuals may adopt the beliefs, behavioral traits and social norms of their peers, either

due to a preference for conformity or through direct spillover bene�ts from exposure to higher-achieving

peers (Boucher et al., 2024; Boucher, 2016; Akerlof, 1997). Increased exposure may award children with-

out CE parents more opportunities to engage with peers who have di�erent academic aspirations and

behavior. On the other hand, schools might respond di�erently to higher concentrations of children with

CE parents. For example, a higher proportion of relatively advantaged students might in�uence teaching

pace, grade repetition policies, or the grouping of students across classes, with potentially ambiguous

e�ects on individual outcomes. While our research design and data do not allow us to separately identify

each causal channel—especially because we cannot observe students’ social networks—we do have rich

information on school policies, such as leniency towards students eligible to repeat or children’s aca-

demic performance on di�erent school subjects. Using this information, we provide suggestive evidence
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that may support or challenge each of these mechanisms.

5.1. Learning

It could be that the reduced risk of grade repetition is fully driven by contextual e�ects and does

not stem from actual learning gains. We start by examining whether greater exposure to peers leads

to be�er academic achievement upstream of grade repetition. We restrict the sample to observations in

middle schools—between ��h and ninth grade—for which we have information on performance in each

school subject. In this analysis, we thus rely on an unbalanced panel of siblings without CE parents who

are enrolled in a public middle school in the same academic year. �us, an important caveat is that the

sample used in this analysis is di�erent and considerably smaller than the one in Section 4.
27

A �rst important channel is students’ overall academic performance in school. In our se�ing, we

do not have—for every grade—standardized exam results which can be compared across schools in each

year. Instead, we use a measure of achievement at the school level: students’ grade point average (GPA)

in mandatory core subjects.
28

A second relate channel is whether students are eligible to repeat. To become eligible students must

either fail at three or more school subjects or fail at both Math and Portuguese Language in fourth, sixth

or ninth grade (see Section 2.4). Each year, over a third (35%) of students in our sample fail to a�ain

a passing grade in Math. On the other hand, 16% fail Portuguese Language. Across mandatory core

subjects, each individual in each grade fails on average in 12% of these courses.
29

On average, 15.7% of

the students are eligible to repeat the grade, each year. However, only slightly more than half of these

(8.9%) actually repeat the grade.

Table 5 reports the main results of our middle school analysis. In each column, we use the same

type of speci�cation as in Equation 2. We �nd that siblings exposed to a higher share of peers with CE

parents experience a statistically signi�cant GPA increase (p-value < 0.01), re�ecting a positive e�ect

on overall academic performance. Interpreting this e�ect in terms of the standardized beta coe�cient,

we conclude that a standard deviation (12p.p.) increase in cumulative exposure leads to a 2.6 percent of

a standard deviation (0.59) increase in GPA (Table 5, Column 2).

Our analysis also reveals that siblings exposed to greater proportions of students with CE parents

tend to perform be�er across multiple subjects, failing at a smaller proportion of subjects (Table 5, Col-

umn 6). Crucially, two of these subjects at which more exposed students fail less are Language and Math.

27
Appendix Table A.6 reports summary statistics of this restricted sample.

28
In each subject, students are awarded a grade between 1 and 5 by their teachers. GPA averages all these grades in di�erent

subjects for each student. �e main limitation of this outcome variable is that it depends on teacher-speci�c and school-

speci�c policies. However, in our main speci�cations, we control for school-by-year and grade-by-year �xed e�ects,

allaying some of these concerns.

29
In grades 5 and 6, mandatory core subjects are: Language, Math, Physical Education, Natural Sciences, English, History

and Geography, Drawing and Technological Education. Between grades 7 and 9 mandatory core subjects are: Language,

Math, Physical Education, Natural Sciences, English, Second Foreign Language, History, Geography, Physics and Chem-

istry, Drawing, and Technological Education.
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Table 5. Effects on Academic Performance in Middle School

Outcomes: Repeat GPA (1-5) Fail

Language

Fail Math Fail

Language

and Math

Prop. of

Failed

Subjects

Eligible to

Repeat

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

Exposure to CE -0.0193 0.128 -0.0719 -0.0562 -0.0506 -0.0542 -0.0608

(0.0210) (0.0361) (0.0275) (0.0334) (0.0234) (0.0126) (0.0261)

Std. Coef. -.008 .026 -.023 -.014 -.019 -.034 -.02

R-squared 0.612 0.769 0.620 0.665 0.613 0.706 0.639

Observations 134,548 134,548 134,548 134,548 134,548 134,548 134,548

Mean Dep. Var. .089 3.349 .163 .345 .111 .128 .157

School-by-Year FE Yes Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes Yes

Family-by-Year FE Yes Yes Yes Yes Yes Yes Yes

Individual Controls Yes Yes Yes Yes Yes Yes Yes

Notes. �e table reports estimates of β, for alternative speci�cations of the preferred model presented in Equation 2. �e sample is an

unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal, between Grades 5 and 9, who have at least a

sibling enrolled in public school in the same academic year and whose parents have no college-education (CE). �e dependent variable varies,

as indicated in the header of each column in the table. GPA (1-5) is a continuous measure of the grade point average of students in a set of core

subjects in school. Fail Language, Fail Math, and Fail Both are dummy variables that indicate whether the student failed (i.e., had a grade lower

than 2, in a scale from 1 to 5) in each of the subjects, respectively, and at both subjects. Proportion of Failed Subjects measures the proportion of

core subjects at which the student had a grade lower than 2. Eligible to Repeat indicates whether the students ful�lls the criteria to fail the grade.

�e regressor of interest is the cumulative exposure to students with CE parents, since Grade 1 until the current grade, as de�ned in Equation

2. �e standardized coe�cient shows the e�ect of a standard deviation change in the independent variable in terms of standard deviations of

the dependent variable. Individual controls include indicator variables identifying whether the is female, foreign-born, has internet at home,

and bene�ts from FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year level are presented

in parentheses.

A standard deviation increase in exposure to students with CE parent (12p.p.) leads to a 5% decrease in

the likelihood of failing at Portuguese Language (Column 3). �e probability of failing at Math decreases

by half a percentage point, but the coe�cient is noisily estimated (Column 4). Moreover, students are

also less likely to concurrently repeat at both Language and Math in the same academic year (Column

5), an e�ect that is strongly statistically signi�cant (p < .01). Finally, the likelihood to of being eligible

to repeat a grade also decreases: a standard deviation increase in exposure to students with CE parents

leads to a decrease of 4.5% decrease over the mean of this variable (Column 6). In this restricted sample,

for which we have no power to detect a negative e�ect on actual grade repetition (Column 1, p = .35),

moving a student from the 10th (4%) to the 90th percentile (34%) in cumulative exposure to peers with

CE parents decreases the likelihood of being eligible to repeat by 1.8 percentage points.

Discussion.— Overall, these �ndings lead us to reject the hypothesis that greater exposure to CE

parents has no e�ect on the school performance of relatively less advantaged peers. We argue that the

magnitude of these e�ects is relatively small but in line with other estimates in the empirical literature

on peer e�ects. In high school, Bifulco et al. (2011) do not �nd any signi�cant association of expo-

sure to highly educated parents on GPA. Among Chilean eight graders, a standard deviation increase in
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the classroom mean of mothers’ education leads to a 0.27 standard deviations improvement in reading

achievement (McEwan, 2003). In Norway, a standard deviation increase in exposure to less educated

parents leads to a 0.02 standard deviation decrease in achievement among ��h graders (Bonesronning

and Haraldsvik, 2014). However, the evidence is not directly comparable, given di�erences in sample

de�nitions and research designs. Conditional on a similar empirical strategy, our e�ect size is larger

than an estimated positive coe�cient of exposure to foreign-born children among native US students

(Figlio et al., 2023a): 1.2% of a standard deviation in math test scores vs. 2.6% of a standard deviation in

GPA in our se�ing.

5.2. Grade Repetition Policies

In Section 5.1 we show that part of our results are driven by learning gains. In this section we study

whether part of the reduction on grade repetition is driven by changes in retention policies at the school

level.

As discussed in Section 2, and reported in Appendix Table E.1, we show that schools have consider-

able leeway in deciding on who to repeat, conditional on a student being eligible to being retained in the

same grade. Overall, only 60% of eligible students actually repeat the grade. It could be that enrolling

more students with CE parents makes schools become more lenient with respect to grade repetition. To

the extent that more educated parents put pressure on schools not to repeat their own children when

eligible, schools may become more lenient in their repetition policies to all enrolled students.

To test this hypothesis, we de�ne a cohort-level measure of leniency towards children without

college-educated parents for every school in the sample. We de�ne leniency as the proportion of eli-

gible students without CE parents in cohort sgt that are eligible, but do not repeat the grade:

Lsgt =

∑
i∈sgt NCEi × (1 – Repeati)∑

i∈sgt NCEi × Eligiblei
, (6)

where NCEi indicates whether student i in cohort sgt does not have college-educated parents. As

Lsgt → 1, the higher the proportion of children without college educated parents that, being eligible, do

not repeat the grade. �e mean value of Lsgt in our sample is .445, implying that, on average, 44.5% of

these eligible students do not repeat the grade. Taking our measure of leniency as an outcome, we then

run variations of the following speci�cation at the cohort-level:

Lsgt = α + γgt + θsg + ηProp. CEsgt + δEligible w/o CEsgt + εsgt , (7)

where Prop. CEsgt is the proportion of students with college-educated parents in the cohort, and

Eligible w/o CEsgt is the number of students without CE parents in the cohort who are eligible to repeat

the grade. Depending on the speci�cation, we also include grade-by-year (γgt ) and school-by-grade �xed

e�ects (θsg).
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Table 6. Leniency and Proportion of Students with CE Parents

Outcome: Grade Repetition Leniency

(1) (2) (3) (4) (5)

Prop. with CE Parents 0.210 0.263 0.218 0.271 0.194

(0.0171) (0.0371) (0.0171) (0.0372) (0.0379)

Eligible to Repeat w/o CE Parents 0.004 0.003 -0.000

(0.0002) (0.0003) (0.0003)

Std. Coef. .088 .111 .092 .114 .082

R-squared 0.008 0.508 0.020 0.510 0.562

Observations 21,309 21,309 21,309 21,309 21,309

Mean Dep. Var. .445 .445 .445 .445 .445

School-by-Year FE No Yes No Yes Yes

School-by-Grade FE No No No No Yes

Notes. �e table reports estimates of η and δ, for alternative speci�cations of the preferred model presented in Equation 7. �e sample is an

unbalanced panel of middle schools in mainland Portugal, between Grades 5 and 9. �e dependent variable is leniency in grade repetition in

the end of a given grade-year, as de�ned in Equation 6. �e regressor of interest is the contemporaneous share of students with CE parents.

�e standardized coe�cient shows the e�ect of a standard deviation change in the independent variable in terms of standard deviations of the

dependent variable. Robust standard errors are presented in parentheses.

Table 6 reports the associations between leniency and the share of CE parents. A standard deviation

increase in the proportion of students with CE parents is associated with a 8.8% standard deviation

increase in our measure of grade repetition leniency (Column 1). In Column 2 we control for school-

by-year �xed e�ects to absorb any di�erences across schools in the same academic year. �us, in this

speci�cation we only use as variation di�erences in the concentration of children with CE parents within-

school, across-grades. In Columns 3 through 5, we further control for the number of eligible students

without CE parents to allay concerns with the e�ect being mostly driven by the concentration of this

type of students in the cohort. Across all speci�cations, schools are more lenient when grade repetition

is higher. Overall, these �ndings suggest that we cannot rule out schools becoming more lenient towards

grade repetition, beyond the actual learning gains of more exposed students.

6. Conclusion

We use administrative data from Portugal to study the e�ect of exposure to children from more

educated households on the school outcomes of children whose parents have not completed college.

Portugal has one the highest rates of students repeating a grade among OECD countries, with children

who do not have parents with a college degree being six times more likely to repeat a grade than those

with at least one college-educated parent. �e panel structure of the data and family identi�ers allow

us to deal with the endogenous sorting of families across schools, as well as recover the full history
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of exposure across years for each individual. For identi�cation, we compare the outcomes of siblings

who are exposed to di�erent levels of exposure to students with college-educated parents which are not

explained by di�erences in the school, grade, or academic year in which they are enrolled. �erefore,

our paper goes beyond most of the extant literature, which typically just relies on comparisons across

cohorts within schools.

�e main �nding is that exposure to students with college-educated is a signi�cant protection against

grade repetition for children from less educated households. Importantly, we �nd that simply relying

on variation within school across cohorts would make us largely overestimate the e�ect of exposure on

grade repetition. Although being more stringent, our preferred identi�cation strategy still uncovers an

e�ect that is economically signi�cant. �e estimated e�ect size suggests that moving a student from

the 10th to the 90th percentile in the distribution of cumulative exposure to students with CE parents

corresponds to about a ��h of the large gap in grade repetition between children with and without CE

parents. Furthermore, exposure to students with CE parents ma�ers for educational a�ainment beyond

di�erences in exposure to poor and immigrant students.

We �nd evidence that our cumulative exposure measure a�ects grade repetition through greater

student performance in school across all subjects. A standard deviation increase in exposure to children

with CE parents leads to 2.6 percent of a standard deviation increase in GPA, and 3.4 percent of a stan-

dard deviation decrease in the proportion of failed subjects. However, we cannot exclude the importance

of contextual e�ects that go beyond an improvement in actual student learning. We �nd suggestive evi-

dence that when schools are faced with higher concentrations of students with college-educated parent

they are also less likely to fail children without CE parents, conditional on being eligible to repeating the

grade.
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APPENDICES

A. �e Data

�e data for this paper relies on a combination of multiple administrative data �les. Below we de-

scribe all relevant information about the cleaning and coding of the variables used in the analysis.

A.1. Data Sources

Enrollment Data: �e enrollment data is organized at the student-by-year level. Each record con-

tains a unique student and family identi�er and information on students’ birth date, gender, country

of origin, address, parent’s education and employment status, free and reduced-price lunch eligibility,

access to computer and Internet at home, school, class, curriculum, and grade. �e student identi�er

allows to track individuals throughout classes, grades and schools across years, which enables us to col-

lect information about their educational career such as grade repetition, our main outcome of interest.

A�rition in the data may occur for a few reasons: If the student moves abroad, drops from the education

system altogether, dies, or the matching algorithm is unable to correctly assign the unique identi�er

to new instance of the same student in the system. However, in following students, a�rition rates for

di�erent cohorts are relatively limited (below 10% for follow-up periods of ten years). Enrollment data

comes from MISI-PUB, MISI-PRIV and INQ-PRIV, administrative datasets with information on every stu-

dent enrolled in public, publicly-funded private and private schools in mainland Portugal. Information

on socioeconomic characteristics of students enrolled in private schools, however, is substantially more

limited. �e data is available between the academic years of 2006-2007 and 2017-2018.

School Outcomes: �e data on school outcomes is organized at the student-by-subject-by-year

level. For each subject in lower and upper secondary education, the grade (from 1 to 5) of the student

in the subject, awarded by teachers is recorded. From these records we construct students’ GPA in each

year for which data is available, as well as information on the subjects failed and eligibility for grade

repetition.

Data Access: Access to the data is restricted. All data used in this paper is hosted in a server at a

safe center in Nova School of Business and Economics, located in Lisbon, Portugal. As of now, accessing

this information requires the researcher to be physically present in the safe center.
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A.2. Additional Descriptive Statistics

Table A.1. Summary Statistics of the Full Dataset before Sample Restrictions

Observations Mean / % Std. Dev.

Outcome:
Repeat the Grade (%) 5,272,709 5.31 22.43

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 5,272,709 20.99 16.28

Contemporaneous Exposure to Students with CE Parents (%) 5,050,150 22.46 16.42

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 5,272,709 36.93 19.09

Cumulative Exposure to Immigrant Students (%) 5,272,709 4.49 5.54

College-Educated Parents (%) 5,053,059 22.34 41.65

Individual Controls:
Female (%) 5,272,709 48.52 49.98

Age (in Years) 5,272,709 9.28 2.47

Free or Reduced Price Lunch [FRPL] (%) 5,272,709 40.04 49.00

Immigrant 5,272,691 3.29 17.83

Internet at Home (%) 5,272,709 53.17 49.90

Number of Siblings 5,217,283 0.88 0.91

Birth Order 5,217,283 1.50 0.73

Notes. �e table preseents information analogous to the one presented in Table 1, in the main text. �e sample includes all public school

students in Portugal, enrolled in regular curriculum o�ers, between the years of 2006 and 2016.

Table A.2. Summary Statistics of the Dataset Restricted to Children with Siblings

Observations Mean / % Std. Dev.

Outcome:
Repeat the Grade (%) 3,230,989 5.19 22.19

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 3,230,989 20.63 16.31

Contemporaneous Exposure to Students with CE Parents (%) 3,112,981 21.96 16.47

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 3,230,989 37.00 19.24

Cumulative Exposure to Immigrant Students (%) 3,230,989 4.22 5.28

College-Educated Parents (%) 3,114,825 23.70 42.52

Individual Controls:
Female (%) 3,230,989 48.31 49.97

Age (in Years) 3,230,989 9.35 2.48

Free or Reduced Price Lunch [FRPL] (%) 3,230,989 41.39 49.25

Immigrant 3,230,979 1.98 13.91

Internet at Home (%) 3,230,989 54.44 49.80

Number of Siblings 3,230,989 1.42 0.75

Birth Order 3,230,989 1.81 0.78

Notes. �e table preseents information analogous to the one presented in Table 1, in the main text. �e sample includes all public school

students in Portugal, enrolled in regular curriculum o�ers, between the years of 2006 and 2016, with at least one sibling observed at least once

throughout the period of analysis.
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Table A.3. Comparison between the Full Dataset and the Data Restricted to Children with Siblings

Siblings Sample Full Sample

Observations Mean / % Std. Dev. Observations Mean / % Std. Dev.

Outcome:
Repeat the Grade (%) 3,230,989 5.19 22.19 5,272,709 5.31 22.43

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 3,230,989 20.63 16.31 5,272,709 20.99 16.28

Contemporaneous Exposure to Students with CE Parents (%) 3,112,981 21.96 16.47 5,050,150 22.46 16.42

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 3,230,989 37.00 19.24 5,272,709 36.93 19.09

Cumulative Exposure to Immigrant Students (%) 3,230,989 4.22 5.28 5,272,709 4.49 5.54

College-Educated Parents (%) 3,114,825 23.70 42.52 5,053,059 22.34 41.65

Individual Controls:
Female (%) 3,230,989 48.31 49.97 5,272,709 48.52 49.98

Age (in Years) 3,230,989 9.35 2.48 5,272,709 9.28 2.47

Free or Reduced Price Lunch [FRPL] (%) 3,230,989 41.39 49.25 5,272,709 40.04 49.00

Immigrant 3,230,979 1.98 13.91 5,272,691 3.29 17.83

Internet at Home (%) 3,230,989 54.44 49.80 5,272,709 53.17 49.90

Number of Siblings 3,230,989 1.42 0.75 5,217,283 0.88 0.91

Birth Order 3,230,989 1.81 0.78 5,217,283 1.50 0.73

Notes. �e table compares the full sample, as described in Table A.1, with the sample of children with at least one siblings, as described in Table A.2.
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Table A.4. Summary Statistics of the Dataset Restricted to Children with Siblings in School

in the Same Year

Observations Mean / % Std. Dev.

Outcome:
Repeat the Grade (%) 1,244,527 6.13 23.98

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 1,244,527 21.85 16.63

Exposure to Students with CE Parents (%) 1,198,131 23.31 16.76

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 1,244,527 38.67 18.47

Exposure to Immigrant Students 1,244,136 4.35 5.45

College-Educated Parents (%) 1,198,576 27.02 44.41

Individual Controls:
Female (%) 1,244,527 48.34 49.97

Age (in Years) 1,244,527 9.70 2.53

Free or Reduced Price Lunch [FRPL] (%) 1,244,527 46.15 49.85

Immigrant 1,244,527 1.82 13.35

Internet at Home (%) 1,244,527 56.25 49.61

Number of Siblings 1,244,527 1.73 1.01

Birth Order 1,244,527 1.95 0.95

Notes. �e table preseents information analogous to the one presented in Table 1, in the main text. �e sample includes all public school

students in Portugal, enrolled in regular curriculum o�ers, between the years of 2006 and 2016, with at least one sibling observed at least once

in the same academic year.
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Table A.5. Comparison between the Siblings Sample with the Sample of Siblings in the Same Academic Year

Siblings in the Same Academic Year Sample Siblings Sample

Observations Mean / % Std. Dev. Observations Mean / % Std. Dev.

Outcome:
Repeat the Grade (%) 1,174,502 6.12 23.96 3,230,989 5.19 22.19

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 1,174,502 22.09 16.70 3,230,989 20.63 16.31

Contemporaneous Exposure to Students with CE Parents (%) 1,131,462 23.54 16.83 3,112,981 21.96 16.47

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 1,174,502 38.62 18.42 3,230,989 37.00 19.24

Cumulative Exposure to Immigrant Students (%) 1,174,502 4.20 5.04 3,230,989 4.22 5.28

College-Educated Parents (%) 1,131,897 27.87 44.84 3,114,825 23.70 42.52

Individual Controls:
Female (%) 1,174,502 48.34 49.97 3,230,989 48.31 49.97

Age (in Years) 1,174,502 9.72 2.54 3,230,989 9.35 2.48

Free or Reduced Price Lunch [FRPL] (%) 1,174,502 46.26 49.86 3,230,989 41.39 49.25

Immigrant 1,174,502 1.81 13.33 3,230,979 1.98 13.91

Internet at Home (%) 1,174,502 56.76 49.54 3,230,989 54.44 49.80

Number of Siblings 1,174,502 1.61 0.89 3,230,989 1.42 0.75

Birth Order 1,174,502 1.82 0.86 3,230,989 1.81 0.78

Notes. �e table compares the sample of siblings, as described in Table A.2, with the sample of children with at least one other sibling in the same academic year, as described in Table A.4.
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Table A.6. Summary Statistics of Middle School Sample

Mean / % Std. Dev.

Outcomes:
Repeat the Grade (%) 8.85 28.41

GPA (1-5) 3.35 0.59

Fail Math (%) 34.55 47.55

Fail Language (%) 16.25 36.89

Faild Language and Math 11.09 31.41

Failed Subjects (%) 12.79 18.99

Eligible to Repeat (%) 15.65 36.33

Independent Variables of Interest:
Cumulative Exposure to Students with CE Parents (%) 17.77 12.00

Contemporaneous Exposure to Students with CE Parents (%) 19.41 12.77

Cumulative Exposure to Students with Free or Reduced Price Lunch [FRPL] (%) 43.09 14.26

Cumulative Exposure to Immigrant Students (%) 4.64 4.82

Individual Controls:
Female (%) 49.67 50.00

Age (in Years) 12.28 1.59

Free or Reduced Price Lunch [FRPL] (%) 65.53 47.53

First Generation Immigrant 2.15 14.52

Internet at Home (%) 58.39 49.29

Number of Siblings 1.76 0.95

Birth Order 1.85 0.88

Observations 134,548

Notes. �e sample includes all public school students in mainland Portugal that can be followed since Grade 1, between 2006 and 2016, and

have at least one sibling enrolled in a public middle school (between grades 5 and 9) in the same academic year.

Table A.7. Summary Statistics at the Student Level

Analysis Sample Siblings Sample Full Sample

Observations Mean / % Std. Dev. Observations Mean / % Std. Dev. Observations Mean / % Std. Dev.

Total Nr. of Repetitions 200,457 0.40 0.79 574,650 0.30 0.70 957,555 0.29 0.69

Ever Repeat (%) 200,457 26.59 44.18 574,650 19.83 39.87 957,555 19.72 39.79

Contemporaneous Exposure to Students with CE Parents (%) 200,428 20.28 13.72 550,790 23.71 16.07 913,407 24.22 16.03

Average Class Size 200,457 19.74 4.88 574,650 20.20 4.86 957,555 20.30 4.87

Average Cohort Size 200,457 64.22 38.75 574,650 66.87 39.94 957,555 66.42 39.77

College-Educated Parents (%) 200,457 0.36 4.33 550,868 26.02 43.57 913,541 24.58 42.74

Female (%) 200,457 48.52 49.98 574,650 48.34 49.97 957,555 48.54 49.98

Internet at Home (%) 200,457 50.57 42.19 574,650 55.71 42.06 957,555 54.55 42.41

Immigrant (%) 200,457 1.87 13.54 574,648 3.25 17.74 957,549 3.96 19.51

Free or Reduced Price Lunch [FRPL] (%) 200,457 54.72 40.37 574,650 40.35 41.05 957,555 38.65 40.85

Number of Siblings 200,457 1.59 0.88 558,856 1.41 0.75 941,761 0.84 0.91

Have Twins (%) 200,457 7.51 26.36 558,856 4.18 20.02 941,761 2.48 15.56

Birth Order 200,457 1.85 0.88 558,856 1.85 0.80 941,761 1.51 0.75

Di�erence in Years to First Born 200,457 3.71 4.33 558,856 4.50 4.67 558,856 4.50 4.67

First Born (%) 200,457 39.00 48.78 574,650 33.80 47.30 957,555 60.27 48.93

Notes. �e table compares student-level statistics for di�erent samples: the sample used in the main analysis; the sample of all public education

students with at least one sibling; and the population of public school students in Portugal, enrolled in regular curriculum o�ers, between the

years of 2006 and 2016.
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Figure A.1. Distributions of the Proportion of Students with CE Parents by Grade

Notes. �e �gure depicts the distribution of the percentage of students with college-educated parents in each school-by-year cell, for each

school grade.

Table A.8. Variation in Cumulative Exposure after Removing Each Set of Fixed Effects

Mean Std. Dev. Minimum P5 Median P95 Maximum

Raw Variation 0.19 0.14 0.00 0.00 0.16 0.45 1.00

Excluding SY + GY FE 0.00 0.07 -0.53 -0.11 -0.00 0.12 0.81

Excluding SY + GY + Family FE 0.00 0.05 -0.50 -0.08 -0.00 0.08 0.65

Excluding SY + GY + FY FE 0.00 0.04 -0.50 -0.07 -0.00 0.07 0.52

Notes. �e table presents summary statistics of cumulative exposure, sequentially partialing out for di�erent sets of �xed e�ects. SY stands for

school-by-year. GY stands for grade-by-year. FY stands for family-by-year. �e table uses data from the main analysis sample, which includes

all public school students in mainland Portugal that can be followed since Grade 1, between 2006 and 2016, and have at least one sibling enrolled

in the public education system in the same academic year. �e summary statistics of this sample can be found in Table 1.
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Figure A.2. Distribution of Family Size in the Full Sample

Notes. �e �gure depicts the distribution of the number of children in the household. �e unit of observation is the family. �e sample includes

all public school students in mainland Portugal that can be followed since Grade 1, between 2006 and 2016.

Figure A.3. The Relationship between Grade Repetition and Cumulative Exposure to Students

with CE Parents

Notes. �e �gure depicts estimates of the relationship between grade repetition and cumulative exposure to students with college-educated

parents using a local-linear estimator �e sample to produce the estimates is the main analysis sample, including all students without college-

educated parents, with at least one sibling in the same academic year, enrolled in a public school. �e solid line represents the point estimates.

�e shaded area represents the 95% con�dence interval. �e estimates are computed for the range between 0 and 50% of cumulative exposure,

which includes over 99% of the observations.
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Figure A.4. The Geography of Student Characteristics

Notes. �e �gure depicts the administrative frontiers of mainland Portugal municipalities. �e maps illustrate the percentage of grade repeaters,

college-educated parents, those eligible for free or reduced price lunch (FRPL) and immigrants within each municipality. �e sample includes

all students enrolled in a public school.
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Figure A.5. Within-Municipality, Across-School Segregation by Parental Education

Notes. �e �gure depicts the administrative frontiers of mainland Portugal municipalities. �e map illustrates within-municipality, across

school segregation by parental background. �e segregation index is computed at the cohort level. For each municipality-grade-year (mgt)

cell we compute a dissimilarity index given by Segmgt =
1

2

∑
s∈mgt

∣∣∣ CEs
CEmgt

–
NCEs

NCEmgt

∣∣∣. �e index is then averaged at the municipality level,

weighting for the number of schools in each municipality. As Segmgt → 1, children with college-educated (CE) parents tend to be concentrated

in just one school. As Segmgt → 0, students with CE parents are evenly distributed across schools. Di�erent colors represent di�erent quartiles

of the level of segregation, presented in the legend. �e sample includes all students enrolled in a public school.
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Figure A.6. Distributions of Residual Variation of Exposure for Models with Different Sets

of Fixed Effects

Notes. �e �gure depicts the distribution of cumulative exposure to students with college-educated parents, as de�ned in Equation 1 of the main

text, residualized from di�erent sets of �xed e�ects. SY stands for school-by-year. GY stands for grade-by-year. FY stands for family-by-year.

B. Selection into Identi�cation

Figure B.7. Proportion of Switchers by Definition of Switching and Number of Siblings in the

Family

Notes. �e �gure depicts the proportion of switchers, de�ned as the individuals for which there is non-zero variation in the residualized

measure of cumulative exposure to students with college-educated parents, for di�erent de�nitions of null variation and by number of siblings

in the family.
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Table B.9. Summary Statistics by Switcher Status

(1) (2) (3)

Switchers Non-Switchers Di�erence (2) - (1)

Repeat the Grade (%) 8.0 5.7 -2.26

(27.1) (23.2) (0.10)

Cumulative Exposure to Students with CE Parents 0.2 0.2 -0.01

(0.1) (0.1) (0.00)

Contemporaneous Exposure to Students with CE Parents 0.2 0.2 -0.01

(0.1) (0.1) (0.00)

Cumulative Exposure to FRPL Students 0.4 0.4 -0.03

(0.2) (0.2) (0.00)

Cumulative Exposure to Immigrant Students 0.0 0.0 0.00

(0.1) (0.1) (0.00)

Female (%) 48.3 51.2 2.87

(50.0) (50.0) (0.19)

Age (in Years) 9.9 9.0 -0.88

(2.6) (2.3) (0.01)

Free or Reduced Price Lunch [FRPL] (%) 59.8 55.4 -4.37

(49.0) (49.7) (0.18)

Immigrants 1.9 2.2 0.32

(13.8) (14.8) (0.05)

Internet at Home (%) 52.1 46.9 -5.21

(50.0) (49.9) (0.19)

Number of Siblings 1.7 1.6 -0.10

(0.9) (0.8) (0.00)

Birth Order 1.9 1.5 -0.40

(0.9) (0.7) (0.00)

Observations 687,450 78,604 766,054

Notes. �e table presents summary statistics of the main variables, by switcher status. Switchers are those for which there is non-zero variation

in the residualized measure of cumulative exposure to students with college-educated parents, for the model with school-by-year, grade-by-

year, and family-by-year �xed e�ects. Non-zero variation in this case is de�ned as all residuals r that are higher than s.d.(r)× 10
–3

in absolute

value, where s.d.(r) is the standard deviation of the residuals. Non-switcher observations are de�ned as all other observations. Columns 1 and

2 present the means of each variable for switchers and never switchers, respectively, with standard deviations presented in parentheses, below.

Column 3 presents the di�erence between the samples in Column 2 and 1, with the standard errors of a t-test presented in parantheses, below.

C. Conceptual Framework

C.1. Identi�cation

We assume that each individual i has potential outcomes y(e), where e is the potential level of exoge-

nous cumulative exposure to peers with college-educated parents. We assume there is a linear potential

outcome model with homogeneous causal parameters (η, τ), such that:

yi(e) = η + τe. (8)

In this framework, η identi�es the outcome of individual i in the counterfactual where they would

not be exposed to any peers with college-educated parents. �e parameter τ identi�es the causal, linear

e�ect of an additional unit of exposure. �e observed outcomes for each individual (Yi) are de�ned at

the observed level of cumulative exposure Ei, among other causes, such that Yi = Yi(Ei, .). However,

Ei is not exogenously assigned to each individual. Parents enroll their �rst child in �rst grade (g = 1)

of school s, in a given academic year t. �e cohort is de�ned as the combination of school, year, and

grade (sgt). Older children are subsequently enrolled in the following academic years, being exposed to

di�erent concentrations of peers with college-educated (CE) parents.
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Table B.10. Cumulative Exposure to Students with CE Parents and Covariates

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

Female 0.0012 0.00081

(0.00033) (0.00023)

Free or Reduced Price Lunch -0.039 -0.0049

(0.00048) (0.00055)

First Generation Immigrant -0.0051 -0.0037

(0.0012) (0.0012)

Birth Order=2 0.020 0.0025

(0.00055) (0.00040)

Birth Order=3 0.0026 0.0053

(0.00067) (0.00074)

Birth Order=4 -0.0070 0.0065

(0.00093) (0.0011)

Birth Order=5 0.0051 0.012

(0.0017) (0.0017)

Birth Order=6 0.010 0.018

(0.0038) (0.0030)

R-squared 0.000 0.895 0.019 0.895 0.000 0.895 0.005 0.895

Observations 766,054 766,054 766,054 766,054 766,054 766,054 766,054 766,054

Mean Dep. Var. .188 .188 .188 .188 .188 .188 .188 .188

Mean Dep. Var. (Ommited) .187 .187 .211 .211 .188 .188 .179 .179

School-by-Year FE No Yes No Yes No Yes No Yes

Grade-by-Year FE No Yes No Yes No Yes No Yes

Family-by-Year FE No Yes No Yes No Yes No Yes

Notes. �e table reports OLS estimates of regressions of cumulative exposure to peers with college-educated parents on a series of observable

individual covariates. �e sample is an unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal,

between Grades 1 and 9, who have at least a sibling enrolled in public school in the same academic year and whose parents have no college-

education (CE). �e standardized coe�cient shows the e�ect of a standard deviation change in the independent variable in terms of standard

deviations of the dependent variable. Robust standard errors clustered at the school-by-grade-by-year level are presented in parentheses.

Our identifying assumption states that di�erences in exposure across siblings, in the same year,

partialled out of variation across schools and trends for each grade across time, are unconfounded.

Assumption 1 (Family-level Unconfoundedness). Given the causal model in Equation 8, and observed

cumulative exposure to peers with college-educated parents, Eisgt , for each individual i, in school s, grade g,

and year t,

(η, τ) ⊥⊥ Eisgt |λ�(i),γgt(i), θst(i),

where λ� identi�es the family f of individual i in year t, γgt identi�es the grade in which the individual

is enrolled in year t, and θst identi�es the school in which the individual is enrolled in year t.

Assumption 1 implies that the identifying variation in the data comes mostly from either siblings
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enrolled in di�erent grades in the same school, or siblings enrolled in the same grade but in di�erent

schools, in the same academic year.

C.2. Within-Family Spillovers

To the extent that there are peer e�ects of exposure to higher parental education at the school level,

it seems implausible there would not be e�ects of this exposure running between siblings. For instance,

recent empirical literature has been demonstrating the in�uence of �rst-born children on the educational

choices and outcomes of their siblings (e.g. Altmejd et al., 2021). Given our research design, we cannot

separately identify the direct e�ect of peer exposure from the indirect, spillover e�ect of siblings expo-

sure. In the presence of intrahousehold spillover e�ects, we require additional identifying assumptions.

To see this more formally, consider an extended causal model, relative to the one in Equation 8, where

potential outcomes depend, linearly, on the joint distribution of own (e) and average siblings exposure

(ēf ), with causal parameters (η, τ, ζ):

yi(e, ēf ) = η + τe + ζēf . (9)

What can within-family comparisons identify? As an illustration, consider the case of a family with

only two siblings (i and j) and suppose that e and ēf are exogenously awarded. �e di�erence in outcomes

between the two siblings will be given by: yi(ei, ej) – yj(ej , ei) = (τ – ζ) × (ei – ej). By comparing the

outcomes of the two siblings we cannot separately identify the direct e�ect (τ) from the intrahousehold

spillover (ζ). We make the following two assumptions:

Assumption 2 (Monotonic Interference). Given the causal model in Equation 9, suppose that sign (τ) = s,

then sign (ζ) = s, for all s ∈ {–1, 0, 1}.

Assumption 3 (Su�ciently Weak Interference). Given the causal model in Equation 9 and Assumption 2,

then |ζ| ≤ |τ|.

Taken together, Assumptions 2 and 3 mean that the exogenous, indirect e�ect of siblings exposure

on an individual’s outcome (ζ) has the same sign, but smaller magnitude than the direct e�ect (τ). From

these two restrictions on intrahousehold spillovers we derive the following proposition:

Proposition 1 (Bounded E�ect). Given the causal model in Equation 9, suppose that sign (τ) = s,∀s ∈

{–1, 0, 1}, and that Assumptions 2 and 3 hold, then |τ| ≥ |τ – ζ| ≥ 0.

Proposition 1 implies that, in the presence of intrahousehold spillovers, we can at most identify a

lower bound of the direct e�ect by making within-family comparisons, as long as the indirect e�ect is

su�ciently small and of the same direction as the direct e�ect. �erefore, the validity of our interpreta-

tion of the estimatedβ, from Equation 2, as a lower bound of τ rests upon the plausibility of Assumptions

2 and 3.
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To test the relative importance of intrahousehold spillovers we run the following speci�cations, on

all individuals, and separately for individuals of each birth order:

Yisgt = µ + γgt + θst + ρEisgt + φĒ–i
isgt +Xisgt · δ + εisgt , (10)

where Ē–i
isgt is the average cumulative exposure of individual i siblings to peers with college-educated

parents, in year t. Notice that, in contrast to the main speci�cation de�ned in Equation 2, we do not

include family-by-year �xed e�ects, as it would not allow us to estimate ρ and φ separately. Without

interpreting either of these estimates as causal, we use the speci�cation in Equation 10, to claim that

sign(ρ̂) = sign(φ̂) and |ρ̂| ≥ |φ̂| lends credibility to the idea that we can identify a lower bound of our

peer e�ect of interest.

Table C.1. Own and Siblings Cumulative Exposure to Peers with CE Parents

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

Full Sample First Borns Second Borns �ird Borns

Exposure to CE -0.106 -0.088 -0.156 -0.126 -0.082 -0.068 -0.123 -0.105

(0.0044) (0.0043) (0.0085) (0.0084) (0.0063) (0.0063) (0.0152) (0.0150)

Siblings Exposure to CE -0.065 -0.045 -0.063 -0.050 -0.041 -0.033 -0.029 -0.017

(0.0034) (0.0034) (0.0057) (0.0057) (0.0059) (0.0058) (0.0130) (0.0129)

R-squared 0.109 0.121 0.126 0.138 0.161 0.171 0.273 0.281

Observations 765,845 765,845 288,068 288,068 325,387 325,387 90,544 90,544

Mean Dep. Var. .077 .077 .078 .078 .071 .071 .089 .089

School-by-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Individual Controls No Yes No Yes No Yes No Yes

Notes. �e table reports estimates of ρ and φ, for alternative speci�cations of the preferred model presented in Equation 10. �e sample in

Columns 1 and 2 is an unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal, between Grades 1

and 9, who have at least a sibling enrolled in public school in the same academic year and whose parents have no college-education (CE). �e

other samples restrict, respectively to �rst-born (Columns 3 and 4), second-born (Column 5 and 6) and third-born (Column 7 and 8) siblings.

�e dependent variable is grade repetition in the end of a given grade-year. �e regressors of interest are the cumulative exposure to students

with CE parents since Grade 1 until the current grade, as de�ned in Equation 2, as well as an average of the same measure among the siblings in

the household, excluding the own individual. �e standardized coe�cient shows the e�ect of a standard deviation change in the independent

variable in terms of standard deviations of the dependent variable. Individual controls include indicator variables identifying whether the is

female, foreign-born, has internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the

school-by-grade-by-year level are presented in parentheses.

Table C.1 reports estimates of ρ and φ, in Equation 10 for four di�erent samples. �e �rst sample

includes all siblings enrolled in public school in the same academic year and whose parents are not

college-educated (Columns 1 and 2). �e other samples restrict, respectively, to �rst-born (Columns 3

and 4), second-born (Column 5 and 6) and third-born (Column 7 and 8) siblings. All speci�cations include

grade-by-year and school-by-year �xed e�ects. As hypothesized, across all samples, we verify that: (i)
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own exposure, as well as siblings exposure have the same direction of e�ect on grade repetition; and that

(ii) the estimated exposure of siblings has a lower e�ect than own exposure to peers with CE parents.

�e qualitative interpretation of these coe�cients is robust to controlling for individual covariates.

50



D. Classroom Exposure

D.1. Endogeneity of Classroom Formation

In this section we show that students are not randomly allocated to classes within schools. We pro-

ceed in two ways. First, we implement the test in Ammermueller and Pischke (2009). For the subsample

of schools with two or more classes, we run Pearson χ2
tests to investigate whether there are more

students with CE parents in given classes than what would be consistent with independence, given the

number of such students in the cohort. We reject the null of random allocation (p < 0.01).

Second, consistent with this test, we also report substantial within-cohort, across-classroom segre-

gation on the basis of parental education, using the dissimilarity index proposed by Allen et al. (2015),

which adapts the Duncan and Duncan (1995) segregation index:

Segsgt =

1

2

∑
c∈sgt

∣∣∣∣ CEc
CEsgt

–

NCEc
NCEsgt

∣∣∣∣ , (11)

where CEc is the number of students with CE parents in class c, CEsgt is the number of students

with CE parents in cohort sgt, and NCEc and NCEsgt are analogous measures for the case of students

without college educated parents. Segsgt measures how fairly distributed are students of both groups

distributed across classes within a given cohort. As Segsgt → 0, the proportion of students with college-

educated parents is identical across classes. As Segsgt → 1, the higher the concentration of students with

college-educated parents in the same classroom.

We use the bias-corrected version of the dissimilariy index in Equation 11, as in Allen et al. (2015).

�e need for correction stems from the fact that for certain combinations of cohort and group sizes, the

dissimilarity index above will overestimate the level of segregation. For instance, if there are too few

students of a given group in a cohort, their concentration in only one class is much more likely to be due

to chance than to discretionary decisions at the school level. �erefore, for schools where segregation

cannot be distinguished from random chance, the bias-corrected version of the measure in Equation

11 is conservative and sets the level of segregation to zero. Still, we observe a mean across-classroom

segregation of 0.2, with a standard deviation of 0.19.

D.2. Classroom Exposure

In this section, we reproduce the analysis of section 4 using the classroom exposure instead of cohort-

level exposure as de�ned in Equation 1. For each student i, in school s, class c, and year t, classroom

level exposure is de�ned as:

Eisct =

1

t – t + 1

∑
t≤t′≤t

# Peers with CE Parentsisct′

# Peersisct′
. (12)

Table D.1 reports results for a series of di�erent speci�cations. Columns 1 through 4 reproduce the
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speci�cations in Table 2, using exposure at class level. �e coe�cient of –0.11 implies that a standard

deviation increase in cumulative classroom exposure (13.8 p.p.) is associated with a 1.4 p.p. decrease in

grade repetition, or 18.5 % over the sample mean. �e coe�cient associated with classroom exposure is

1.4 times larger in magnitude than the one estimated for cumulative cohort exposure (Table 2, Column

4). �e two coe�cients are also statistically di�erent from each other as the 95% con�dence intervals of

each do not include the point estimate of the other.

Table D.1. Grade Repetition and Classroom Exposure to Students with College-Educated Par-

ents

Outcome: Grade Repetition

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

Exposure to CE -0.109 -0.140 -0.041 -0.041 -0.073 -0.075 -0.057

(0.0023) (0.0032) (0.0047) (0.0047) (0.0130) (0.0130) (0.0074)

R-squared 0.004 0.110 0.610 0.611 0.810 0.811 0.611

Observations 766,054 766,054 766,054 766,054 621,472 621,472 766,054

Mean Dep. Var. .077 .077 .077 .077 .077 .077 .077

School-by-Year FE No Yes Yes Yes No Yes Yes

Grade-by-Year FE No Yes Yes Yes No Yes Yes

Family-by-Year FE No No Yes Yes Yes Yes Yes

Class FE No No No No Yes Yes No

Individual Controls No No No Yes No Yes Yes

Notes. �e table reports estimates of β, for alternative speci�cations of the preferred model presented in Equation 2. �e sample is an

unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least

a sibling enrolled in public school in the same academic year and whose parents have no college-education (CE). �e dependent variable is

grade repetition in the end of a given grade-year. �e regressor of interest is the cumulative classroom exposure to students with CE parents

since Grade 1 until the current grade, as de�ned in Equation 2. Individual controls include indicator variables identifying whether the is

female, foreign-born, has internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the

school-by-grade-by-year level are presented in parentheses.

In Columns 5 and 6, we control for di�erences across classes within school, by including class �xed

e�ects. In Column 5, we include family-by-year �xed e�ects, while in Column 6 we further control for

grade-by-year and school-by-year �xed e�ects. We estimate a coe�cient of –0.075 or 2.6 times larger

than the point estimates of our preferred speci�cation in Table 2. Finally, Column 7 includes the cohort

exposure to CE parents as a control. We �nd that the classroom exposure ma�ers for grade repetition

beyond the cohort level of exposure.
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E. Additional Results

E.1. Descriptives

Table E.1. Association between Eligibility to Repeat the Grade and Grade Repetition

Outcome: Grade Repetition

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

Eligible to Repeat 0.588 0.587 0.591 0.603

(0.0024) (0.0024) (0.0024) (0.0036)

Eligible to Repeat × CE Parents -0.049 -0.041

(0.0052) (0.0053)

R-squared 0.549 0.549 0.549 0.550

Observations 1,741,750 1,741,750 1,741,750 1,741,750

Mean Dep. Var. .071 .071 .071 .071

Mean Dep. Var. (Ineligible) .001 .001 .001 .001

Grade-by-Year FE Yes Yes Yes Yes

Individual Controls No Yes No Yes

Notes. �e table presents coe�cients of OLS regressions. �e sample includes all students that can be followed since Grade 1, enrolled

between Grades 5 and 9, for which there is information on their school grades. �e dependent variable on all speci�cations is a dummy

variable indicating whether the individual repeated the grade in a given year. �e independent variable of interest in Columns 1 and 2 is a

dummy indicating whether the student is eligible to repeat the grade according to the criteria described in the main text. Columns 3 and 4 also

include a dummy identifying whether the individual has college-educated (CE) parents, as well as an interaction term between this variable and

eligibility. Individual controls include indicator variables identifying whether the student has college-educated parents, is female, foreign-born,

has internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-

year level are presented in parentheses.

Table E.2. Association between Having College-Educated Parents and Main Variables

(1) (2) (3) (4) (5) (6)

Outcomes Repeat Cumulative Exposure GPA Fail Language Fail Math Prop. Failed Subjects

CE Parents -0.050 0.124 0.551 -0.108 -0.222 -0.087

(0.0003) (0.0007) (0.0017) (0.0007) (0.0009) (0.0004)

R-squared 0.030 0.157 0.137 0.027 0.061 0.057

Observations 5,053,059 5,053,059 1,779,230 1,760,107 1,767,521 1,779,230

Mean Dep. Var. .051 .219 3.507 .124 .27 .099

Mean Dep. Var. (No CE Parents) .063 .19 3.387 .148 .318 .118

Grade-by-Year FE Yes Yes Yes Yes Yes Yes

Notes. �e table presents coe�cients of OLS regressions. �e sample includes all students that can be followed since Grade 1, enrolled between

Grades 1 and 9. �e dependent variables are presented under each column identi�es. �e independent variable odummy indicating whether

the student has at least one college-educated parent. All speci�cations control for grade-by-year-�xed e�ects. Robust standard errors clustered

at the school-by-grade-by-year level are presented in parentheses.
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Figure E.1. Choice of Academic Track in High School, by Parental Education and Repetitions

until Grade 9

Notes. �e �gure depicts the percentage of students who choose the academic track in high school, as opposed to the vocational track, by

parental education and the number of grade repetitions until Grade 9. �e dash lines represent the percentage of students that choose the

academic track in high school, respectively for those with and without at least one college-educated parent. �e sample includes all students

that can be followed from Grade 1 until Grade 10.

Figure E.2. Relationship between Exposure and Grade Repetition under a Model with Family-

by-Year Fixed Effects

Notes. �e �gure depicts estimates of the relationship between grade repetition and cumulative exposure to students with college-educated

parents, partialled out of school-by-year, grade-by-year, and family-by-year �xed e�ects, using a local-linear estimator. Residuals are computed

using the main analysis sample, including all students without college-educated parents, with at least one sibling in the same academic year,

enrolled in a public school. �e solid line represents the point estimates. �e shaded area represents the 95% con�dence interval. �e estimates

are computed for the range between –.1 and .1 of residualized cumulative exposure, which includes over 90% of observations.
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E.2. Robustness

Table E.3. Robustness to Alternative Measure of Exposure

Outcome: Grade Repetition

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

Exposure to CE (Alternative Measure) -0.097 -0.130 -0.032 -0.031

(0.0027) (0.0046) (0.0065) (0.0065)

R-squared 0.002 0.109 0.610 0.611

Observations 766,054 766,054 766,054 766,054

Mean Dep. Var. .077 .077 .077 .077

School-by-Year FE No Yes Yes Yes

Grade-by-Year FE No Yes Yes Yes

Family-by-Year FE No No Yes Yes

Individual Controls No No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade repetition in the end

of a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since Grade 1 until the current grade,

as de�ned in Equation 2, in the main text. For this alternative measure, students with missing information on parental education are treated

as not having college-educated parents. �e standardized coe�cient shows the e�ect of a standard deviation change in the independent

variable in terms of standard deviations of the dependent variable. Individual controls include indicator variables identifying whether the is

female, foreign-born, has internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the

school-by-grade-by-year level are presented in parentheses.
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Table E.4. Results with Contemporaneous Measure of Exposure

Outcome: Grade Repetition

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

Exposure to CE (Contemporaneous Measure) -0.064 -0.035 -0.019 -0.018

(0.0027) (0.0045) (0.0066) (0.0066)

R-squared 0.001 0.108 0.610 0.611

Observations 765,698 765,597 765,309 765,309

Mean Dep. Var. .077 .077 .077 .077

School-by-Year FE No Yes Yes Yes

Grade-by-Year FE No Yes Yes Yes

Family-by-Year FE No No Yes Yes

Individual Controls No No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade repetition in the end of

a given grade-year. �e regressor of interest is the contemporaneous exposure to students with CE parents, de�ned as the percent of students

with CE parents that a student is exposed to in a given school-grade-year cell. For this alternative measure, students with missing information

on parental education are treated as not having college-educated parents. �e standardized coe�cient shows the e�ect of a standard deviation

change in the independent variable in terms of standard deviations of the dependent variable. Individual controls include indicator variables

identifying whether the is female, foreign-born, has internet at home, and bene�ts from FRPL, as well as birth order �xed e�ects. Robust

standard errors clustered at the school-by-grade-by-year level are presented in parentheses.

Figure E.3. Estimated Effects in the Analysis Sample and in Samples Excluding Each Grade

Notes. �e �gure depicts estimates of β in Equation 2 in the main text, for di�erent samples. Bars represent 95% con�dence intervals. Each

presented sample -Gj, with j = 1, …, 9 represents the full sample for which main results are presented in Table 2, excluding children when they

are observed at grade j.
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Table E.5. Results with Absolute Exposure

Outcome: Grade Repetition

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

Exposure to CE (Absolute) -0.00013 -0.00132 -0.00054 -0.00051

(0.000) (0.0001) (0.0001) (0.0001)

R-squared 0.000 0.108 0.610 0.611

Observations 766,054 766,054 766,054 766,054

Mean Dep. Var. .077 .077 .077 .077

School-by-Year FE No Yes Yes Yes

Grade-by-Year FE No Yes Yes Yes

Family-by-Year FE No No Yes Yes

Individual Controls No No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public school

in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade repetition in the end of a given

grade-year. �e regressor of interest is cumulative exposure, de�ned as the average number of peers with CE parents that a student is exposed

to. Individual controls include indicator variables identifying whether the is female, foreign-born, has internet at home, and bene�ts from

FRPL, as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year level are presented in parentheses.

Table E.6. Results with Alternative Specification

Outcome: Grade Repetition

Full Sample First Borns Second Borns �ird Borns

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

Exposure Di�erence to Siblings -0.049 -0.046 -0.019 -0.020 -0.061 -0.061 -0.109 -0.109

(0.0037) (0.0037) (0.0065) (0.0064) (0.0059) (0.0059) (0.0140) (0.0139)

R-squared 0.045 0.047 0.083 0.085 0.112 0.113 0.225 0.226

Observations 765,845 765,845 288,068 288,068 325,387 325,387 90,544 90,544

Mean Dep. Var. 0 0 .017 .017 -.009 -.009 -.014 -.014

School-by-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Individual Controls No Yes No Yes No Yes No Yes

Notes. �e table shows regression coe�cients using an alternative speci�cation to the one in main speci�cation in Equation 2. Instead of relying

on family-by-year �xed e�ects, we subtract from each individual’s exposure and outcome variable, the average of their siblings for the same

variables. �e sample is an unbalanced panel of students enrolled in public primary and middle schools in mainland Portugal, between Grades

1 and 9, who have at least a sibling enrolled in public school in the same academic year and whose parents have no college-education (CE). �e

dependent variable is de-meaned grade repetition in the end of a given grade-year. �e regressor of interest is de-meaned cumulative exposure

to students with CE parents, de�ned as the percent of students with CE parents that a student is exposed to in a given school-grade-year cell.

In Columns 3 through 8, the same speci�cations are presented separately by those who are �rst born, second born and third born. Individual

controls include indicator variables identifying whether the individual is female, foreign-born, has internet at home, and bene�ts from FRPL,

as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year level are presented in parentheses.
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Table E.7. Alternative Level of Clustered Standard Errors

Cluster Level Standard Error C.I. Lower Bound C.I. Upper Bound

School-by-Grade-by-Year 0.0063 -0.0410 -0.0165

Individual 0.0059 -0.0403 -0.0172

Family 0.0058 -0.0400 -0.0175

Notes. �e table shows robust clustered standard errors and respective con�dence intervals associated with estimates of β, according to the

speci�cation in Equation 2 in the main text.
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E.3. Heterogeneity

Table E.8. Heterogeneity by Family Size

Two Siblings �ree or More Siblings

(1) (2) (3) (4) (5) (6)

Exposure to CE -0.096 -0.010 -0.009 -0.149 -0.051 -0.052

(0.0053) (0.0078) (0.0078) (0.0076) (0.0112) (0.0112)

Std. Coe�cient -.056 -.006 -.005 -.067 -.023 -.024

R-squared 0.124 0.642 0.644 0.165 0.621 0.623

Observations 423,232 421,471 421,471 338,419 336,016 336,016

Mean Dep. Var. .062 .062 .062 .096 .096 .096

School-by-Year FE Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes

Family-by-Year FE No Yes Yes No Yes Yes

Individual Controls No No Yes No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade repetition in the end of

a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since they are �rst enrolled in Grade 1.

In Columns 1 through 3, the sample only includes families with two children. In Columns 4 through 6, the sample only includes families with

more than two children. �e standardized coe�cient shows the e�ect of a standard deviation change in the independent variable in terms of

standard deviations of the dependent variable. Individual controls include indicator variables identifying whether the is female, foreign-born,

has internet at home, as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year level are presented

in parentheses.

Figure E.4. Distributions of Cumulative Exposure by Family Size

Notes. �e �gure depicts histograms of cumulative exposure by family size. �e le�-hand side panel presents the distribution for the raw

variation in cumulative exposure to students with college-educated parents. �e right-hand side panel presents the distribution for the variation

in cumulative exposure residualized of school-by-year, grade-by-year and family-by-year �xed e�ects.
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Figure E.5. Distributions of Cumulative Exposure by FRPL

Notes. �e �gure depicts histograms of cumulative exposure by free or reduced price lunch (FRPL) status. �e le�-hand side panel presents

the distribution for the raw variation in cumulative exposure to students with college-educated parents. �e right-hand side panel presents

the distribution for the variation in cumulative exposure residualized of school-by-year, grade-by-year and family-by-year �xed e�ects.
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Table E.9. Heterogeneity by Siblings Gender Mix

Outcome: Grade Repetition

Males Females Mixed Gender

(1) (2) (3) (4) (5) (6)

Exposure to CE -0.144 -0.0387 -0.0994 -0.00724 -0.136 -0.0286

(0.00985) (0.0151) (0.00893) (0.0139) (0.00629) (0.00924)

R-squared 0.197 0.674 0.213 0.694 0.141 0.614

Observations 193,387 193,387 171,923 171,923 380,408 380,408

Mean Dep. Var. .088 .088 .06 .06 .08 .08

School-by-Year FE Yes Yes Yes Yes Yes Yes

Grade-by-Year FE Yes Yes Yes Yes Yes Yes

Family-by-Year FE No Yes No Yes No Yes

Individual Controls No Yes No Yes No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year and whose parents have no college-education (CE). �e dependent variable is grade repetition in the end

of a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since they are �rst enrolled in Grade

1. In Columns 1 through 2, the sample only includes families with only boys. In Columns 3 and 4 the sample only includes families with

only girls. In Columns 5 and 6 the sample only includes families with a mix of boys and girls. Individual controls include indicator variables

identifying whether the is female, foreign-born, has internet at home, as well as birth order �xed e�ects. Robust standard errors clustered at

the school-by-grade-by-year level are presented in parentheses.
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Table E.10. Results Including Families with College-Educated Parents

Outcome: Grade Repetition

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

Exposure to CE -0.137 -0.148 -0.029 -0.027

(0.0016) (0.0030) (0.0039) (0.0039)

R-squared 0.009 0.095 0.604 0.605

Observations 1,174,502 1,174,502 1,174,502 1,174,502

Mean Dep. Var. .061 .061 .061 .061

School-by-Year FE No Yes Yes Yes

Grade-by-Year FE No Yes Yes Yes

Family-by-Year FE No No Yes Yes

Individual Controls No No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year, including both those with and without parents have no college-education (CE). �e dependent variable is

grade repetition in the end of a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since they

are �rst enrolled in Grade 1. Individual controls include indicator variables identifying whether the individual is a female, foreign-born, has

internet at home, parental education, as well as birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year level

are presented in parentheses.
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Table E.11. Results Only Among Families with College-Educated Parents

Outcome: Grade Repetition

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

Exposure to CE -0.011 -0.014 -0.010 -0.010

(0.0009) (0.0023) (0.0034) (0.0034)

Std. Coe�cient -.022 -.029 -.02 -.02

R-squared 0.000 0.114 0.611 0.612

Observations 282,276 282,276 282,276 282,276

Mean Dep. Var. .008 .008 .008 .008

School-by-Year FE No Yes Yes Yes

Grade-by-Year FE No Yes Yes Yes

Family-by-Year FE No No Yes Yes

Individual Controls No No No Yes

Notes. �e table shows regression coe�cients analogous to those of Table 2 in the main text. �e sample is an unbalanced panel of students

enrolled in public primary and middle schools in mainland Portugal, between Grades 1 and 9, who have at least a sibling enrolled in public

school in the same academic year, with parents who have no college-education (CE). �e dependent variable is grade repetition in the end of

a given grade-year. �e regressor of interest is the cumulative exposure to students with CE parents since they are �rst enrolled in Grade 1.

Individual controls include indicator variables identifying whether the individual is a female, foreign-born, has internet at home, as well as

birth order �xed e�ects. Robust standard errors clustered at the school-by-grade-by-year level are presented in parentheses.
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