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Abstract

A key decision students face is where to apply to higher education. The impor-
tance of this decision is exacerbated by the vast differences in returns to higher
education across majors and institutions. This paper examines a previously over-
looked factor shaping this choice: the high school environment. Specifically, we
analyze how students’ applications and enrollments are influenced by the higher
education trajectory of recent graduates from their high school. Exploiting ran-
dom admission cutoffs in France’s centralized admission system, we compare high
schools where older schoolmates were marginally admitted versus rejected from
a given degree (subject-institution combination). Our findings reveal significant
older schoolmate spillovers: students are 6 percentage points (+19%) more likely
to apply to and 2 percentage points (+45%) more likely to enroll in the same degree
as a marginally enrolled older schoolmate. These effects are large, corresponding
to roughly 45% of spillovers across siblings estimated in other countries. We find
that both teacher influence and homophily/role model effects mediate these cross-
cohort spillovers. Lastly, we quantify the extent to which differences in exposure to
high-achieving older schoolmates between low and high SES students affects the
gap in applications to very selective degrees. We find that equalizing this exposure
across SES would narrow the gap by around 10%. These results demonstrate how
inequalities in higher education choice can be perpetuated or mitigated through
high school peer networks.
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1 Introduction

Choosing where to apply to higher education is likely the most consequential and
complex decision high school students face. Returns to higher education vary widely
across fields of study and institutions (Hastings et al., 2013; Altonji et al., 2016; Kirke-
boen et al., 2016; Britton et al., 2022; Chetty et al., 2023), making students’ choices crit-
ical for their long-term earnings and career trajectories. Students face this pivotal de-
cision while choosing from thousands of distinct options about which they often have
limited information. These information frictions lead students to rely heavily on their
immediate social networks for guidance, exacerbating inequalities between privileged
and disadvantaged students and impeding upward mobility (Hoxby and Avery, 2013;
Altmejd et al., 2021). Despite extensive research on social influences in educational
choice (Barrios-Fernandez, 2023), we know surprisingly little about how schools shape
these decisions. Yet schools, where students spend much of their time and discuss
their higher education plans with teachers and peers, could potentially counteract the
inequalities stemming from family background.

In this paper, we provide causal evidence that the high school environment influ-
ences students’ higher educational choices. We focus on a novel channel: the impact
of older schoolmates—that is, students who graduated from the same high school in
the previous year—on younger students’ decisions. Older schoolmates might provide
recent and relevant information about higher education options. Existing work has so
far only established correlational conjectures regarding the role of older peers.1 This
limitation stems from both the difficulty of finding exogenous variation in older school-
mates’ enrollments and the scarcity of comprehensive datasets linking students’ higher
education choices with their high school affiliations across several cohorts.

We overcome these obstacles by implementing a research design based on admis-
sion cutoffs, using rich administrative data on students’ applications to higher educa-
tion programs (subject-institution combination) in France between 2012 and 2017. We
show that random shocks to older peers’ higher education trajectories substantially in-
fluence the subsequent application and enrollment choices of younger students within
the same high school. In particular, students are significantly more likely to apply to,
and enroll in, the exact same degree in which a schoolmate enrolled the previous year.
These findings reveal an overlooked source of social learning—older schoolmates—
which contributes to inequalities in higher education choice between students exposed
to different high school environments (Hoxby and Avery, 2013).

1Hoxby and Avery (2013, p.3) note that high-achieving, low income students in the United States
who do not apply to selective colleges are predominantly from schools where they "have a negligible
probability of meeting a [...] schoolmate from an older cohort who attended a selective college." Simi-
larly, Black et al. (2020, p.232) find using conditional logit regressions that "all students learn something
about a college campus through the feeder relationship of their high school peers."
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We identify spillovers across cohorts using a regression discontinuity design that
exploits admission cutoffs in France’s centralized higher education system. Unlike in
countries where test scores determine admissions, each program in France has its own
method of ranking applicants. Our unique dataset includes these degree-specific rank-
ings, which applicants themselves cannot observe. We leverage each degree’s cutoff
rank—the rank of the last admitted student—, which creates a sharp discontinuity in
admission probabilities: students receive a single offer from their highest-ranked pre-
ferred degree where they clear the cutoff, while those below are rejected. These admis-
sion cutoffs generate quasi-random variation in the degrees to which younger students
are exposed through their older schoolmates. Crucially, they are unpredictable ex-ante,
as they result from the interplay of all applicants’ preferences, all degrees’ rankings,
and capacity constraints. As such, the high schools of older schoolmates around the
cutoffs are virtually identical, except for having a student offered a seat or rejected
from this degree. Our design compares application and enrollment outcomes in the
subsequent year (t + 1) for high schools (technically, high school x high school tracks)2

with an older peer ranked just above or below a cutoff in year t.3

Our focus on high schools at the margin of admission cutoffs captures the most
relevant cases for our analysis. In schools well above cutoffs, students likely already
consider these degrees attainable, while in schools well below cutoffs, younger peers
may face low admission chances. High schools around a degree’s admission cutoff
represent a critical middle ground where an older schoolmate’s admission could open
up new possibilities in the eyes of younger students while maintaining realistic chances
of admission. Thus, these marginal cases represent schools where older schoolmates’
outcomes are most likely to shape younger students’ higher education choices.

We find that students follow their older schoolmates to the same higher education
degree. High schools with a marginally enrolled older schoolmate to a specific degree
are 6 percentage points (+19% increase relative to the counterfactual mean) more likely
to have at least one applicant to that same degree in the following year relative to high
schools with a marginally rejected older schoolmate. These spillovers on applications
translate into actual enrollment: high schools with a marginally enrolled older school-
mate are 2 percentage points (+45%) more likely to have at least one enrolled student
in the same degree the following year. We also uncover large impacts on the num-
ber of applicants and enrolled students, with increases of 0.19 (+23%) and 0.03 (+49%)

2Our analysis is undertaken at the high school x high school track level because (i) in France, high
school tracks are very segregated within high schools, and (ii) higher education programs are often
largely track-specific. There are 13 high school tracks. To ease legibility, we use “high school” to refer to
“high school x high school track”.

3In cases where there are multiple applicants from the same high school to the same degree, we
follow Estrada et al. (2024) and consider only the highest-ranked applicant from each high school for
each higher education degree. This effectively ensures that only high schools whose applicants are all
ranked below the last admitted student have no admitted students in that degree.
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students, respectively. The stronger relative effect on enrollment compared to applica-
tions stems from degrees ranking subsequent applicants from these high schools more
favorably, rather than from changes in students’ preference rankings. This suggests
that degrees may use the performance of students from previously underrepresented
high schools as a signal of future applicants’ potential.

The magnitude of these effects is substantial. Compared to spillovers across sib-
lings estimated in Chile, Croatia, and Sweden by Altmejd et al. (2021), our observed
spillovers across cohorts represent approximately 45% of the magnitude for appli-
cations and 55% for enrollments. This indicates that the high school environment’s
impact on students’ higher education choices is about half as strong as that of sib-
lings, a considerable effect. Furthermore, these spillovers persist over time. Two years
post-treatment (t + 2), the impact remains important: spillovers on applications are
still 65-75% of the magnitude observed one year after treatment (t + 1). This persis-
tence implies that the long-term impact of exposure to different degrees through older
schoolmates is larger than our short-run estimates suggest. Importantly, we also ob-
serve spillovers to similar degrees, that is, not just the older schoolmate’s exact de-
gree. Taken together, these findings have significant implications for educational inter-
ventions: one-time initiatives aimed at influencing students’ higher education choices
(e.g., information campaigns or mentoring programs) are likely to have cascading ef-
fects on subsequent cohorts, amplifying their impact.

We investigate two mechanisms underlying our observed spillovers across cohorts:
(i) teacher influence, and (ii) student homophily/role model effects. These mechanisms
are not mutually exclusive but lead to different policy implications: improving teacher
guidance versus facilitating peer connections across cohorts. To examine teacher in-
fluence, we assess whether students are more likely to follow an older schoolmate if
they share the same "principal" teacher—the teacher responsible for the administrative
duties of a class and guidance on higher education applications. We find that students
sharing the same principal teacher as the older peer are significantly more likely to
emulate the marginally admitted older schoolmate’s higher education choices relative
to students with a different principal teacher. This suggests a key role for teacher influ-
ence in these spillover effects. These stronger spillover effects for students sharing the
same principal teacher are unlikely to be explained by increased cross-cohort interac-
tions, as sharing a teacher does not typically facilitate more contact between students
from different cohorts in France. From a policy perspective, this finding highlights
the importance of providing adequate training and support to teachers in charge of
helping their students make their higher education decisions.

We assess homophily/role model effects by analyzing whether spillovers are larger
for students who share the same demographic characteristics as the marginally admit-
ted older schoolmate. We find strong support for such effects. Spillovers for girls are

3



significantly larger when the older schoolmate was a girl compared to a boy. Since
this analysis compares students of the same gender on both sides of the cutoff, such
differences cannot be explained by gender-specific degree preferences. We do not find
that boys are more likely to follow a boy compared to a girl older schoolmate. Addi-
tionally, low socioeconomic status (SES) students (24% of applicants) are more likely
to apply to a degree when the older schoolmate was also from a low SES background.
Interestingly, very high SES students (34% of applicants) are also more likely to fol-
low a similar older schoolmate, an intriguing result given these students are likely to
be well-informed about higher education opportunities. These findings suggest that
the demographic alignment between younger students and older schoolmates plays a
role in shaping the influence of peer outcomes on higher education choices. This ho-
mophily could be explained by degrees being more salient when students share the
same characteristics, or perhaps by a greater likelihood of having direct links.

We find three insightful heterogeneities in spillover effects. First, smaller high
schools exhibit larger spillovers across cohorts, potentially due to increased inter-cohort
interactions or stronger teacher-student relationships. Second, spillover effects vary
based on the selectivity of degrees and high schools’ academic level. Notably, students
from lower-performing high schools are most influenced by peers entering selective
programs, while those from top-performing schools are more affected by peers enter-
ing less selective programs. This suggests that peer effects may be expanding students’
horizons, encouraging applications to programs they might not otherwise consider.
Third, degrees at moderate distances induce the largest spillovers, likely reflecting a
balance between awareness of degrees and willingness to apply. This distance effect
suggests that peer influence is most potent in exposing students to less familiar yet
accessible opportunities. These heterogeneities underscore the complex interplay be-
tween school characteristics, degree prestige, and geography in shaping peer influence
on higher education choices.

Finally, we quantity the extent to which older schoolmate spillovers could narrow
the persistent application gap between high-achieving students of different socioeco-
nomic backgrounds. Among students in the top 10% of the academic ability distribu-
tion, those from low SES backgrounds are 27 percentage points less likely to apply to
degrees in the top 10% in terms of selectivity compared to their very high SES peers
(47% vs. 74%). The same high-achieving low SES students also face a deficit in ex-
posure: while 95% of high-achieving, very high SES students have at least one older
schoolmate who enrolled in a top-decile degree, only 75% of similarly talented low
SES students do. We use our spillover estimates to conduct a counterfactual analysis
that suggests equalizing exposure to high-achieving older schoolmates could narrow
the application gap by approximately 10%. This reduction, while not eliminating the
disparity, represents a significant improvement.
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Our analysis suggests several policy levers for reducing inequalities in higher ed-
ucation choices. Since teacher influence amplifies older schoolmate effects, providing
teachers with better training and support for guiding students’ higher education de-
cisions could be valuable. Our finding that exposure to high-achieving older school-
mates reduces application gaps could provide a rationale for high school quotas in
prestigious degrees. Finally, given the importance of demographic alignment in peer
effects, structured mentoring programs and alumni networks could help create mean-
ingful connections between current and former students from similar backgrounds.

Related literature. Our paper contributes to several strands of the literature. First,
it contributes to the literature on higher education choice. While financial barriers
have been a central focus (Dynarski et al., 2023b), a growing body of work examines
how informational and behavioral frictions shape students’ choices (Lavecchia et al.,
2016; Dynarski et al., 2023a). Within this literature, various school-level influences
have been documented: teachers affect students’ long-term outcomes including col-
lege attendance (Chetty et al., 2011, 2014a; Jackson, 2018); effective high school guid-
ance counselors positively influence high school graduation, college going and college
selectivity (Mulhern, 2023); and software providing personalized college admissions
information influences students’ college choices based on older peers’ admission ex-
periences (Mulhern, 2021). We advance this literature by highlighting that the high
school environment substantially shapes students’ higher education choices, not just
attendance. Our findings reveal how specific actors within schools—older schoolmates
and teachers—influence which degrees students consider and pursue, providing new
evidence on the role of schools in the college choice process.

Second, our paper contributes to the literature on peer effects in education (for a
comprehensive review, see Barrios-Fernandez, 2023). Prior work has established that
students’ higher education choices are strongly influenced by their closest social con-
nections: children follow their parents’ major choices (Altmejd, 2023), younger siblings
emulate their older siblings’ degree choices (Aguirre and Matta, 2021; Altmejd et al.,
2021; Avdeev et al., 2024), and students are influenced by their close neighbors regard-
ing higher education attendance (Barrios-Fernández, 2022). We extend this literature
by examining a distinct yet understudied dimension of students’ social network: their
older schoolmates. While recent work has begun to explore schoolmate influences
in specific contexts—elite secondary schools in Peru (Estrada et al., 2024) and gender
dynamics in higher education field of study choices in Chile (Valdebenito, 2023)—we
provide the first comprehensive evidence on these spillovers for higher education. We
show that older schoolmates represent a crucial source of influence on educational
choices. Unlike family or neighborhood connections, they can affect many more stu-
dents and could potentially be leveraged by policy.
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Third, our paper more generally contributes to the literature on social learning
(Mobius and Rosenblat, 2014). This literature demonstrates that individuals frequently
rely on their social networks when making decisions under imperfect information.
Farmers learn about new technologies from neighboring farmers’ experiences (Con-
ley and Udry, 2010), job seekers learn about opportunities and workplace character-
istics through their networks (e.g., Kramarz and Skans, 2014), and migrants choose
locations where they have existing connections (Blumenstock et al., 2023). Our study
contributes to this literature by examining social learning in the context of higher edu-
cation choices, a decision environment characterized by significant informational fric-
tions. We demonstrate that even small changes in exposure to others’ choices—in our
case, through older schoolmates—can substantially impact students’ decisions. These
findings suggest that similar social learning mechanisms might operate in other educa-
tional and career transitions, such as graduate school selection or first employer choice
upon graduation.

Last, our paper contributes to our understanding of intergenerational inequalities.
Persistent disparities in labor market outcomes across socioeconomic backgrounds
have been extensively documented (Black and Devereux, 2011; Mogstad and Torsvik,
2023). A significant portion of these disparities can be traced to differential access
to and choices within higher education (Chetty et al., 2014b; Bonneau and Grobon,
2022). Given the important heterogeneity in returns across fields of study and in-
stitutions, differences in higher education choices between students of varying so-
cioeconomic backgrounds may significantly impede intergenerational mobility. We
show that unequal exposure to high-achieving older schoolmates might account for a
non-trivial share of the application gap to selective programs between high-achieving
students from different socioeconomic backgrounds. This finding reveals a specific
mechanism—school-level peer effects—through which these inequalities persist, dis-
tinct from previously documented channels such as early childhood environments,
neighborhood effects, or parental networks. Targeted efforts to diversify peer groups
or enhance cross-cohort interactions within schools could help promote social mobility.

The rest of the article is organized as follows. Section 2 describes the institutional
background and data. The empirical strategy is presented in Section 3, while Section
4 discusses the main results and their robustness. Section 5 presents insightful hetero-
geneities. In Section 6, we investigate the mechanisms that might explain the observed
older schoolmate spillovers. The counterfactual exercise is presented in Section 7, and
we discuss policy implications in Section 8. Finally, Section 9 concludes.
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2 Institutional Background and Data

This section outlines the most important features of the French higher education sys-
tem and our data source, with additional details provided in Appendix A. Central to
our analysis is France’s centralized application platform, where students apply to spe-
cific degrees (subject-institution combinations). Notably, there are no nationally stan-
dardized admission criteria; each degree independently determines its (undisclosed)
criteria based on all the information available in students’ application file, including
both academic (e.g., high school grades) and non-academic (e.g., teacher comments,
high school of origin, geographic location) factors.4 We also explain how the allocation
of students to degrees generates the discontinuities we exploit to identify spillovers
across cohorts within the same high school.

Our analysis is conducted at the high school × high school track level5 rather than at
the high school level. This granular approach is motivated by two key considerations:
(i) the significant segregation of tracks within French high schools, and (ii) the com-
mon restriction of higher education programs to specific high school tracks. To ease
legibility, we will continue to refer to "high schools" throughout the paper, although
this technically denotes high school × high school track combinations. Consequently,
all statistics pertaining to high schools are computed at this more precise level.

2.1 Institutional Background

From 2009 to 2017, senior high school students in France applied to degrees through
a centralized online platform called Admission Post-Bac.6 The platform’s coverage ex-
panded progressively, encompassing up to 90% of post-secondary programs (academic
and vocational) by the end of this period (Bechichi et al., 2021).7 In 2017, it managed
over 10,000 programs and 800,000 applicants, who submitted seven applications on
average. The allocation of students to degrees occurred in three distinct stages:

1. Application submission: students submit a rank-ordered list of degrees (up to 36).8

4Charousset et al. (2021) attempt to reverse engineer the potential criteria used by elite programs.
5There are 13 high school tracks, grouped into three aggregate tracks (general, technological, and

professional). The three general tracks are Sciences (S), Social Sciences (ES), and Literature (L). The
8 technological tracks are Management Sciences and Technologies (STMG), Sustainable Development
Sciences and Technologies (STI2D), Health Sciences and Technologies (ST2S), Laboratory Sciences and
Technologies (STL), Design and Applied Arts Sciences and Technologies (STD2A), Agronomy and Life
Sciences and Technologies (STAV), Hospitality (H), and Music and Dance Techniques (TMD). The two
broad professional tracks are Professional (P) and Agricultural Professional (PA).

6This platform was replaced in 2018 by Parcoursup, which introduced significant changes to the ap-
plication and admission system. For a detailed comparison between Admission Post-Bac and Parcoursup,
see Frouillou et al. (2019).

7Several institutions, including Paris Dauphine University, Institutes of Political Studies (IEP), cer-
tain private programs, and nursing schools, maintained separate application and admission processes
outside this platform.

8The number of degree choices was reduced in 2016 to 24. In all years, students could apply to
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2. Degree ranking: higher education programs rank their applicants (without know-
ing applicants’ rank-ordered lists) and specify their capacity constraints (avail-
able seats) to the platform.

3. Offer distribution: a three-round college-proposing deferred acceptance algorithm
allocates offers.9

The three-round structure of the allocation algorithm allowed for seat reallocation
due to (i) students opting for programs outside the platform, (ii) students entering the
labor market directly, and (iii) students failing the Baccalauréat, the high school exit
exam required for higher education enrollment (see Appendix Figure A.2 for a time-
line of the procedure). A wait-list system was embedded in the system to enable this
seat reallocation. Two key features of this allocation procedure are worth highlight-
ing. First, students receive only one admission offer at a time, specifically from the
highest-ranked degree for which they are ranked above the last admitted student in
that round. Crucially, this means that students who receive an offer from a degree can-
not know whether they would have also received offers from any of the lower-ranked
degrees on their preference list. Second, at each round, students face one of two sce-
narios. If offered admission to a degree, they can either accept the offer or reject it and
exit the platform. If wait-listed, they can choose to remain in consideration for future
rounds or accept their current admission offer (if applicable). Our analysis focuses on
outcomes after the last-round.

2.2 Data

We use comprehensive application-level administrative data from the Admission Post-
Bac application platform spanning 2012-2017, encompassing the entire period for which
data from the platform is available. This rich dataset contains students rank-ordered
list of applications to degrees, degrees rankings of applicants, and final matching out-
comes. While applicants do not have access to degrees’ rankings, our use of the plat-
form’s data provides this crucial information which we use to determine admission
cutoffs. We do not directly observe enrollment, but can track offer acceptance. Thus,
some students who accept offers may ultimately not enroll. For simplicity, we proxy
enrollment with offer acceptance. The dataset also provides detailed student back-
ground characteristics, including high school and track within the school, high school

at most 12 degrees within each degree “type”, e.g., vocational degrees (BTS), technical degree (DUT),
preparatory classes (CPGE).

9The implemented algorithm was a slight variation of the Gale-Shapley algorithm, accommodating
joint applications for degrees and degrees’ student accommodations. This variation is irrelevant for our
study. For more details, see Appendix 2.A.2 in Charousset et al. (2021).
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exit exam grades, and socioeconomic status (SES) based on legal guardian’s occupa-
tion.10 Unique identifiers allow us to track both high schools and programs over time.

2.3 Admission Cutoffs

We rely on admission cutoffs generated by France’s centralized higher education allo-
cation mechanism. Unlike systems where test scores determine admissions (e.g., Chile,
Sweden), French institutions have discretion in ranking applicants. As we observe
these degree-specific rankings, we can leverage each degree’s cutoff rank, i.e., the rank
of the last admitted student, which creates a sharp discontinuity in admission prob-
abilities: students ranked above this cutoff may receive an offer11, while those below
are rejected. We refer to the rank of the last admitted student for a given degree as
the degree’s admission cutoff rank. Figure 1 provides an example of how our admission
cutoff ranks are defined for a fictitious degree.

Degree: Field of study X1 – Institution Y1

Capacity: 45 students

43 students have 
accepted an offer

applicant 
rejects 
offer

applicant 
accepts 

offer

this student fills 
the degree’s 
capacity

8081828384858687888990

degree 
ranking of 
applicant

worse ranked

admission 
cutoff rank =  84

None of these applicants can receive an offer 
because the degree’s capacity is full

Number of applicants: 250

best ranked

Figure 1: Illustration of Admission Cutoff Rank

Notes: This figure illustrates how we define the admission cutoff rank for a fictitious degree.

3 Empirical Strategy

Our aim is to identify the extent to which students’ higher education choices are influ-
enced by the higher education trajectory of older schoolmates. Specifically, do these
students have higher propensities to apply to and enroll in the same degrees as stu-
dents from their high school’s previous graduating cohort. We hypothesize that the
experiences of these older students at specific degrees could spillover to younger co-
horts, potentially through increased awareness or information about these programs.

10We follow the SES classification of the French Ministry of Education (Bonneau et al., 2021, p.72):
low SES (24% of applicants), middle SES (28%), high SES (13%), and very high SES (34%).

11Recall that because the allocation mechanism provides students with a single admission offer, they
do not receive an admission offer from all degrees by which they are ranked above the last admitted
student.
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Identifying such cross-cohort spillovers is challenging because (i) students and
their older schoolmates share high school characteristics (e.g., teachers, location, re-
sources) that independently influence higher education choices regardless of older
schoolmates’ higher education trajectories, (ii) simple comparisons between high schools
with admitted versus rejected students may overstate spillover effects due to inherent
differences between these schools (e.g., number of applicants, academic achievement
levels), and (iii) degrees may show preferences for high schools for which they regu-
larly admit students.

To overcome these challenges, we employ a fuzzy regression discontinuity de-
sign, leveraging degrees’ admission cutoff ranks—i.e., the rank of their last admitted
student—described above. The fuzzy nature of the design stems from the fact that we
define (conceptually) high schools as being treated if an older schoolmate enrolled in
the degree, not only if he or she was admitted. Admission cutoff ranks induce a dis-
continuity in the likelihood that a high school has an older student who is admitted
and enrolls in the degree. This approach allows us to compare high schools that are
essentially identical except for having an older student just above or below the rank of
the last admitted student for a given degree. The key distinction between these high
schools is that an older student above the cutoff has a higher probability of receiving
an offer, potentially enrolling, and subsequently influencing younger cohorts’ choices.

Crucially for the validity of our research design, these cutoff ranks cannot be an-
ticipated by applicants or degrees. The rank of the last admitted student depends on
all applicants’ rank-ordered lists, which are unknown to programs when reporting ca-
pacities and rankings, and all degrees’ rankings and capacity constraints, which are
unknown to applicants (and other degrees). Additionally, the evolution of admission
cutoff ranks across rounds is determined by applicants’ decisions to accept or decline
offers, making it unpredictable during the application phase.12 This rules out the pos-
sibility that results are driven by differences in student body composition, size, or lo-
cation. Moreover, it addresses the reflection problem (Manski, 1993), as older peers’
enrollment decisions cannot be impacted by younger schoolmates’ future choices.

3.1 Running Variable

Our running variable is defined for each degree as the high school’s applicant rank
relative to the admission cutoff rank. To avoid misclassification of a high school’s
treatment status, we follow Estrada et al. (2024) and consider only each high school’s

12Appendix Figure D.1 plots, for each degree in the data, the admission cutoff rank in year t and
t + 1. While the relationship is upward sloping, extremely few cases have the exact same admission
cutoff year-on-year (3.5%) and the relationship disappears once degree fixed effects are accounted for,
alleviating potential concerns about the non-randomness of admission cutoffs.
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best-ranked applicant for each degree.13 This approach ensures that (i) we have one
observation per high school, per degree, per year—specifically, that of the best-ranked
applicant from that high school to that degree in that year, and (ii) if a high school has
(at least) one rejected and (at least) one admitted student to a degree it is classified as
"treated" by keeping only the rank of the (best-ranked) admitted student.

We then center these high schools’ best ranks around the degree’s admission cutoff
rank—the rank of the last admitted student. Formally, for each high school s with
student(s) i(s) applying to degree j in year t, we define the running variable as:

distance to last admitted studentsjt = rank of last admitted studentjt − max
sjt

{ranki(s)jt}.

A positive value of distance to last admitted studentsjt indicates that high school s is
(potentially) treated by degree j in year t, meaning the best-ranked applicant might
have received an offer and enrolled in degree j. A strictly negative value indicates the
high school is not treated.14 Figure 2 uses the same example as in Figure 1 to illustrate
our running variable.

Degree: Field of study X1 – Institution Y1

Capacity: 45 students

last admitted 
student

43210-1-2-3-4-5-6

admission 
cutoff rank

Number of applicants: 250

applicant accepts offer

applicant rejects offer

assigned to control high schools assigned to treated high schools
Note: we assume here that each applicant comes from a different high school.

distance to last admitted student
worse ranked best ranked

Figure 2: Illustration of the Running Variable

Notes: This figure illustrates how we construct our running variable for a fictitious degree.

3.2 Estimation Sample

We restrict our sample to (i) high schools and degrees present in both the treatment
and the following year (95% of all high schools-year and degrees-year, respectively);
(ii) degrees with at least one applicant ranked after the admission cutoff rank (86% of

13In practice, degrees rank applicants within “ranking groups”, typically based on high school track.
For the very rare few cases where a high school has several ranking groups for the same degree (0.05% of
high schools), we define a high school’s best-ranked applicant across all ranking groups (ties are broken
randomly).

14Our running variable for a given degree may not have actual observations at each rank. This is
because it’s very common for degrees to have several applicants from the same high school—in fact,
98% of degrees have at least two applicants from the same high school.
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all degrees-year), ensuring the potential for rejected applicants; (iii) degrees reporting
the same capacity constraint across all three admission rounds (84% of all degrees-
year), preventing potential manipulation of the admission cutoff rank; and (iv) degrees
with at least 30 high schools in their application pool, mitigating autocorrelation of the
running variable over time for degrees with few applicants.

To further enhance high schools’ comparability around the admission cutoff rank,
we implement additional conditions: (i) we “symmetrize” the running variable such
that, for example, if a degree has n applicants ranked after the admission cutoff rank,
we retain n applicants before the admission cutoff rank; (ii) we drop the last admitted
student; and (iii) we keep only degrees with at least two observations on both sides of
the cutoff within the chosen regression discontinuity bandwidth, after symmetrization
and exclusion of the last admitted student. Our final sample, within the bandwidth,
contains 19,577 degree-years and 56,763 high school-years, totaling 375,566 observa-
tions.

Table 1 presents descriptive statistics for high schools and degrees in both the raw
sample15 (Full sample) and the sample used for the analysis (RD sample). Comparing
these samples reveals our results’ external validity, as differences between our analysis
sample and the general applicant population reflect how our sample restrictions may
focus on a potentially unrepresentative subset of high schools and degrees. Overall,
the two samples exhibit reasonable similarity in terms of high school characteristics,
including size, student body composition, and academic achievement. However, some
differences exist. The analysis sample slightly over-represents larger high schools and
technological high school tracks, while under-representing professional tracks. Re-
garding degree characteristics, the analysis sample contains degrees with significantly
more applicants, though they have very similar average academic records. These de-
grees also have more high schools within their application pool by construction. Per-
haps most importantly, our analysis sample contains a higher proportion of programs
in public universities (33.2% in the analysis sample vs 24.1% in the full sample).16 Con-
versely, there is a slight under-representation of other types of programs, particularly
vocational degrees (44.2% vs 49.9%) and preparatory classes (6.7% vs 8.3%).

3.3 Empirical Specification

First-stage. To illustrate the fuzzy nature of our regression discontinuity design, we
stack all degrees in our sample, centering them around the rank of the last admitted
student. Figure 3 depicts the likelihood of a high school having at least one enrolled

15Our raw sample is restricted to applications from high school students with a non-missing high
school identifier.

16One reason why public university degrees may be over-represented in our analysis sample is that
these degrees rank all applicants while other degrees rank as many applicants as they wish.
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Table 1: Descriptive Statistics

Full sample
All high school applicants

2012-2016

RD sample
Distance to cutoff rank

∈ [−20, 20]

(1) (2)

Panel A. High school characteristics
Number of high schools 66,586 56,763
Mean number of students 41.6 47.0
Share of female students (%) 53.5 54.3
Mean high school exit exam grade 12.0 12.1
Share of very high SES students (%) 28.3 28.3
Share of high SES students (%) 13.3 13.8
Share of middle SES students (%) 30.2 30.2
Share of low SES students (%) 24.6 24.8
Share of missing SES students (%) 3.5 2.9
Scientific high school track (%) 19.3 20.9
Social science high school track (%) 17.4 18.3
Literature high school track (%) 15.2 15.1
Technological high school track (%) 23.6 25.2
Professional high school track (%) 24.5 20.5

Panel B. Degree characteristics
Number of degrees 50,423 19,577
Number of applicants 391.6 542.9
Mean high school exit exam grade of applicants 12.1 12.1
Number of admitted students 44.6 54.2
Mean high school exit exam grade of admitted students 12.2 12.4
Number of high schools within application pool 148.3 204.1
Public university (%) 24.1 33.2
Vocational degree (STS) (%) 49.9 44.2
Technical degree (IUT) (%) 8.6 8.0
Academic preparatory classes (CPGE) (%) 8.3 6.7
Other institutions (%) 9.1 7.8

Number of observations 7,376,434 375,566

Notes: This table shows descriptive statistics for two samples: (1) the full sample, i.e., all high school applicants between
2012-16, and (2) our regression discontinuity (RD) sample (see Section 3.2 for details). High school refers to high school ×
high school tracks-year, while degree refers to degrees-year.

student (panel A) and the number of enrolled students (panel B) as a function of the
high school’s distance to the admission cutoff rank in the treatment year. The proba-
bility of treatment increases from essentially 0%17 to the left of the cutoff to 22% just
to the right. This discontinuity in enrollment probability is less than 100% because
students receive offers only from the highest-ranked degree in their preference list for
which they are above the admission cutoff rank. Consequently, a student may exceed

17We observe rare cases (0.04% of our sample) where students accept offers despite being ranked
below the last admitted student.
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the rank threshold for multiple degrees yet receive no offer from them due to having
an offer from a higher-ranked preference.
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Figure 3: Probability of Older Schoolmate Enrolling in Degree Around Admission
Cutoff Rank

Notes: This figure shows the probability that a high school has at least one enrolled student (panel
A) and its number of enrolled students (panel B) in the degree as a function of the distance to the last
admitted student in the same year. The distance to the last admitted student is defined as the rank of the
high school’s best ranked applicant by the degree centered around the rank of the degree’s last admitted
student.

Around the admission cutoff, the treatment intensity is essentially equal to one stu-
dent, as evidenced by the close alignment of Figure 3’s panels A and B. Appendix
Figure D.2 provides a detailed breakdown of cases with one, two, or more enrolled
students at each distance from the admission cutoff rank. Our main analysis focuses
on spillovers for high schools transitioning from zero to one enrolled student in a de-
gree, though we also investigate whether the number of enrolled older schoolmates
has an effect on the magnitude of the spillovers.

Main specification. The following equation describes our baseline specification:

ysjt+1 = βdistance to last admitted studentsjt +γ(distance to last admitted student ≥ 0)sjt+

δdistance to last admitted studentsjt × (distance to last admitted student ≥ 0)sjt +µjt + ϵsjt+1.

(1)

ysjt+1 indicates whether high school s, with a marginally admitted student to de-
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gree j in year t, experiences more applications and enrollments in degree j in year t+ 1.
distance to last admitted student is the running variable described above, and (distance to
last admitted student ≥ 0) is a dummy variable indicating whether an older schoolmate
was ranked above the last admitted student by degree j in year t. The interaction term
allows for different slopes around the cutoff. Following Fort et al. (2022), we include
degree-year fixed effects (µjt). Thus our identifying variation comes from differences
in exposure to a given degree across high schools. ϵsjt is the error term. γ is our coef-
ficient of interest. Figure 4 illustrates how we stack thousands of degree-year specific
regression discontinuities.

In following year: are there more applicants/enrolled students 

in treated high schools vs controls high schools?

Degree: Field of study X1 – Institution Y1

43210-1-2-3-4-5-6

admission 
cutoff rank

applicant accepts offer

applicant rejects offer

assigned to control high schools assigned to treated high schools

Degree: Field of study X2 – Institution Y2

43210-1-2-3-4-5-6

Degree: Field of study X3 – Institution Y3

43210-1-2-3-4-5-6

drop last 
admitted student

Figure 4: Illustration of Stacking of Degree-Specific Regression Discontinuities

Notes: This figure illustrates how we stack degree-specific regression discontinuities for fictitious
degrees.

This specification estimates intent-to-treat effects—i.e., the effect of having an older
schoolmate ranked above the last admitted student to the degree but not necessarily
enrolling in it. To estimate the effect of an older schoolmate’s actual enrollment, we
employ a 2SLS approach, instrumenting enrollment with an indicator for being ranked
above the last admitted student. This 2SLS estimate corresponds to the ratio between
the intent-to-treat and the first-stage estimates.18

Following Cattaneo et al. (2019)’s guidelines, we estimate the coefficient of inter-
est nonparametrically using local linear regressions. Specifically, linear regressions are
fit on both sides of the threshold using a triangular kernel which gives more weight
to observations near the threshold. We compute MSE-optimal bandwidths following
Calonico et al. (2014) for our four main outcomes: (i) having at least one applicant to
the same degree as an older schoolmate, (ii) the number of applicants to this degree,

18As noted in Section 2.2, we observe degree offer acceptance rather than actual enrollment. This
leaves our intent-to-treat estimates unchanged but potentially underestimates our 2SLS coefficients.
Since the first-stage for actual enrollment is necessarily smaller than the first-stage for offer acceptance, if
anything the 2SLS coefficients would be larger, and thus the reported instrumented estimates are lower
bounds on the effect of an older schoolmate’s actual enrollment.
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(iii) having at least one enrolled student in this degree, and (iv) the number of enrolled
students in this degree. To ensure a consistent sample across estimates, we use a com-
mon bandwidth of 20 ranks, corresponding to the smallest bandwidth for these main
outcomes, as in Altmejd et al. (2021). Given that high schools may have students at the
admission margin for multiple degrees, we cluster standard errors at the high school-
year level.

Robustness. We ensure our main results are robust to (i) varying the bandwidth used,
(ii) estimating equation (1) using a second-order polynomial of the running variable,
(iii) including time-varying high school covariates, (iv) including high school-year
fixed effects, and (v) allowing the slopes to vary for each degree-year. Moreover, we
show that significant discontinuities are observed exclusively at the true admission
cutoff rank, with no such effect at placebo cutoffs.

3.4 Identifying Assumptions

The central identifying assumption in our analysis is the exogeneity of the last ad-
mitted students’ rank to a degree with respect to that students’ high school. In other
words, we require that applicants’ high schools around the admission cutoff rank are
as-good-as-random. This assumption implies two conditions common to regression
discontinuity designs: (i) the absence of strategic manipulation of applicant rankings
by degrees or applicants themselves, and (ii) the continuity of potential confounders
around the admission cutoff ranks.

First, as highlighted in Section 2.1, degrees cannot predict ex-ante which student
will be the last admitted, due to their lack of knowledge about students’ rank-ordered
lists.19 While degrees may use applicants’ high schools to rank them, they cannot
predict the high school of the eventual last admitted student. Figure 5 presents the
distribution of our running variable, showing no clear evidence of manipulation.20

Second, we examine whether high school characteristics are identical around the
admission cutoff rank. Figure 6 displays the estimated discontinuities in numerous
high school characteristics. All discontinuities are negligible in magnitude and pre-
dominantly statistically insignificant. Crucially, there are no differences in the number
of applicants in the treatment year.21 The underlying figures in Appendix Figures D.4

19Technically, for oversubscribed public university programs, students’ rank-ordered lists were used
to randomly allocate students to these programs. However, these programs still could not predict the
high school of the last admitted student because they could not observe the rank-ordered lists of all
applicants on the platform, as well as all degrees ranking and capacity constraints. See Bechichi et al.
(2021) for further details on this lottery system.

20Appendix Figure D.3 displays the composition of program types along the running variable.
21By construction, high schools on both sides of the cutoff have at least one ranked applicant in the

treatment year, as this is a necessary condition for having an applicant rank for the degree.
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Figure 5: Distribution of Running Variable

Notes: This figure shows the distribution of the running variable, which corresponds to the rank of
each high school’s best-ranked applicant for a given degree, centered around the rank of that degree’s
last admitted student. The dashed lines represent the regression discontinuity (RD) bandwidth used in
the analysis.

visually confirm the absence of discontinuities in high school characteristics around
the cutoff. Additionally, in Appendix Figures D.5 we show there are no differences in
degree characteristics around the cutoff. While such differences would be absorbed by
the degree-year fixed effects in estimating equation (1), their absence strengthens the
validity of the visual evidence presented in the main results.

4 Main Results

This section presents results on spillovers across cohorts on higher education choices.
We show that students follow in their older schoolmates’ footsteps. Specifically, the
marginal admission of an older schoolmate to a specific degree (subject-institution
combination) significantly influences the application and enrollment patterns of younger
cohorts from the same high school, compared to instances where these older peers were
marginally rejected.

4.1 Older Schoolmate Spillovers on Applications and Enrollment

Applications. Students are more likely to apply to the exact same degree in which a
student from the previous cohort within the same high school was admitted. Figure 7a
illustrates this phenomenon. These figures show the reduced-form relationship, across
all degrees and years, between a high school’s applications in t + 1 and the rank of
this high school’s best-ranked student relative to the rank of the last admitted student
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Figure 6: Discontinuity in High School Characteristics Around Admission Cutoffs

Notes: This figure shows the estimates of discontinuities in high school characteristics around the
rank of degrees’ last admitted student. High school characteristics are reported on the y-axis, with the
mean value just below the rank of the last admitted student (e.g., [−5,−1]) shown in parenthesis. All
specifications correspond to local linear regressions with a triangular kernel and include degree-year
fixed effects. The bandwidth (20.96) is the smallest MSE-optimal bandwidth (Calonico et al., 2014) for
the main outcomes. Standard errors are clustered at the high school-year level. 95% confidence intervals
are reported. Significance levels: *** 1%, ** 5%, * 10%.

to the degree in year t. Panel A displays the extensive margin of applications—i.e.,
whether there is at least one applicant to the degree—while panel B shows the intensive
margin—i.e., the number of applicants to the degree.

There is a clear discontinuity in both the likelihood of having at least one applicant
and the number of applicants to degrees for which there was a marginally admitted
older schoolmate. The first row of Table 2 reports the intent-to-treat ("Older school-
mate above cutoff (ITT)") estimates. These suggest that a high school with a marginally
admitted older peer to a degree experiences a 1.2 percentage points increase in its like-
lihood of having at least one applicant to the same degree in the following year, and
a 0.038 increase in its number of applicants. These correspond to a 3.9% and 4.7%
increases relative to the mean outcome just below the cutoff, respectively, indicating
slightly larger effects for the intensive margin of applications.
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Figure 7: Older Schoolmate Spillovers on Applications to and Enrollment in
Marginally Admitted Older Schoolmate’s Degree

Notes: This figure presents non-parametric binned scatter plots of the relationship between high
schools’ application and enrollment outcomes for a degree in t + 1 and these high schools’ distance to
the degrees’ last admitted student in t. The specific application and enrollment outcomes are reported
in each facet’s title. Each point represents the average outcome value for high schools at a given distance
from the admission cutoff rank. The fitted lines correspond to second-order polynomial fits through the
conditional expectations. Both the intent-to-treat (ITT) and instrumented (2SLS) estimates are reported,
using local linear regressions with a triangular kernel, and including degree-year fixed effects. The
bandwidth (20.96) corresponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for these
main outcomes. Standard errors, clustered at the high school-year level, are reported in parentheses.
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The second row of Table 2 presents 2SLS estimates, corresponding to the ratio
between these reduced-form and the first-stage estimates ("Older schoolmate enrolls
(2SLS)"). These 2SLS coefficients represent the effect of a high school’s older school-
mate enrolling in a given degree on the application and enrollment decisions of the fol-
lowing cohort of students from the same high school. Due to our moderate first-stage
estimates (a 22 percentage point increase in the probability of treatment), the 2SLS esti-
mates are significantly larger than the intent-to-treat estimates. An older schoolmates’
enrollment in a degree leads to a 5.7 percentage points increase in the probability of
having at least one applicant from the same high school to the same degree the follow-
ing year, and a 0.19 increase in the number of applicants. These effects are substantial,
representing a 18.8% and 23.5% increase relative to the baseline mean, respectively.

To contextualize these magnitudes, we compare them with spillovers across sib-
lings on higher education choices. Altmejd et al. (2021) find that an older siblings’ en-
rollment in a given degree increases their younger siblings’ application to the same de-
gree by 36% in Chile, 32% in Croatia, and 58% in Sweden. Our estimated older school-
mate spillovers correspond to between 32% and 58% of these siblings spillovers.22 In
other words, the high school environment’s influence on students higher education
choices is just under half as strong as that of siblings. This comparison underscores
the considerable impact of high school environments on students’ higher education
choices, especially considering the more diffuse nature of spillovers across cohorts
compared to sibling influences.

Enrollment. Students are also more likely to enrol in the same degree as marginally
admitted students from the same high school’s previous cohort. Figure 7b panels A
and B shows the same relationship as for applications except with enrollment as the
outcome. As with applications, there is a clear discontinuity in a high school’s likeli-
hood of having at least one student enroll and in the number of enrolled students in
the same degree as a marginally admitted student from the previous cohort. Table 2
reports the reduced-form and 2SLS estimates of the discontinuity.

Having a marginally admitted student in the previous cohort increases a high
school’s probability of having at least one enrollment in the program by 0.5 percentage
points and its number of enrolled students by 0.006. These coefficients are small in
absolute terms but considering how unlikely it is for a high school to have a student
enroll in any given degree, these represent around 9% of the counterfactual means. The
2SLS estimates are larger by construction, yielding a 2.3 percentage point increase in
the probability of having at least one enrolled student and a 0.032 increase in the num-
ber of enrolled students. Relative to the baseline mean, these correspond respectively

22Since no siblings spillovers have yet been estimated for France, we can only compare our older
schoolmate spillovers with the siblings spillovers estimated in other countries.
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to 45% and 49% increases. Compared to sibling spillovers, these older schoolmate
spillovers on enrollment are between 27% and 90% of those found in Sweden (167%)
and Chile (50%) respectively.

Degree and applicant response. The observed difference in spillover magnitude be-
tween applications and enrollments can be explained by two factors:

1. Degree reponse: when evaluating applicants, degrees consider all available infor-
mation, potentially including applicants’ high school of origin. If a degree en-
rolls a student from a previously unrepresented high school, it may reassess that
school’s quality, potentially influencing how future applicants from the same in-
stitution are ranked.

2. Applicant behavior: younger cohorts might rank the degree higher in their rank-
ordered list, increasing their likelihood of enrollment if they meet or exceed the
admission cutoff rank.

We find that degree response is the primary driver of the difference between appli-
cation and enrollment spillovers. As shown in Appendix Table E.2, conditional on ap-
plying, degrees tend to rank applicants from high schools with a marginally admitted
older schoolmate higher than those from high schools with a marginally rejected older
schoolmate. While the estimates are consistently positive, they are imprecisely esti-
mated due to the restricted sample size and generally not statistically significant at con-
ventional levels. Conversely, in Appendix Table E.3, we find no significant difference
in how students rank the degree in their rank-ordered lists, regardless of whether they
come from high schools with marginally admitted or rejected older schoolmates. This
suggests that the observed spillover effects on enrollment are not driven by changes in
applicant preferences or ranking strategies.
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Table 2: Older Schoolmate Spillovers on Applications to and Enrollment in Degree, Higher Education Institution and Field of Study
of Marginally Admitted Older Schoolmate

Degree spillovers HE institution spillovers Field of study spillovers

Applications Enrollment Applications Enrollment Applications Enrollment

At least one Number At least one Number At least one Number At least one Number At least one Number At least one Number
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Older schoolmate above cutoff (ITT) 0.012*** 0.038*** 0.005*** 0.006*** 0.011*** 0.316*** 0.011*** 0.087*** 0.003 -0.007 0 -0.01
(0.003) (0.013) (0.002) (0.002) (0.003) (0.063) (0.003) (0.021) (0.003) (0.043) (0.003) (0.013)

% of counterfactual mean 3.91 4.65 9.3 9.52 1.92 7.18 5.56 11.05 0.47 -0.16 -0.13 -0.99

Older schoolmate enrols (2SLS) 0.057*** 0.19*** 0.023*** 0.032*** 0.063*** 1.956*** 0.068*** 0.547*** 0.026 0.009 0.001 -0.066
(0.013) (0.06) (0.007) (0.011) (0.017) (0.357) (0.014) (0.118) (0.02) (0.341) (0.021) (0.104)

% of counterfactual mean 18.81 23.49 45.17 48.54 11.42 44.48 33.69 69.5 4.18 0.2 0.22 -6.57

Degree-year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Observations (right) 189,361 189,361 189,361 189,361 189,361 189,361 189,361 189,361 189,361 189,361 189,361 189,361
Observations (left) 186,205 186,205 186,205 186,205 186,205 186,205 186,205 186,205 186,205 186,205 186,205 186,205
Counterfactual mean [-5,-1] 0.3 0.81 0.051 0.065 0.55 4.397 0.203 0.787 0.614 4.513 0.337 1.012
Bandwidth 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96
First stage 0.217*** 0.217*** 0.217*** 0.217*** 0.172*** 0.172*** 0.172*** 0.172*** 0.127*** 0.127*** 0.127*** 0.127***

(0.002) (0.002) (0.002) (0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
First stage F-stat 19,506 19,506 19,506 19,506 8,161 8,161 8,161 8,161 3,357 3,357 3,357 3,357

Notes: This table reports estimates of older schoolmates spillovers. “At least one application” refers to the probability that a high school has at least one application to the degree, HE
institution or field of study in t + 1 of a marginally admitted older schoolmate in t; “number of applications” refers to the number of applications to the marginally admitted students’
degree, HE institution or field of study. The same applies for the enrollment outcomes. The first row for each outcome presents intent-to-treat estimates, while the second row presents
2SLS estimates in which older schoolmates enrollment is instrumented with them being ranked above the admission rank cutoff. All the specifications in the table correspond to local linear
regressions using a triangular kernel, and include degree-year fixed effects. The bandwidth (20.96) corresponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for degree
outcomes. Standard errors clustered at the high school-year level are reported in parentheses. ***, **, and * indicate significance at 1, 5, and 10%, respectively.

22



Treatment intensity. Our baseline estimates relate to the effect of having one enrolled
older schoolmate versus none. One may wonder how the effects vary with the number
of enrolled older schoolmates. We investigate whether spillover effects are amplified
when multiple older schoolmates are admitted to the same degree. Using cases where
high schools have exactly two ranked applicants in the treatment year (33% of our high
school - degree - year observations), we analyze how effects differ between first and
second-ranked applicants being marginally admitted.

Appendix Figure D.6 shows the first-stage graphs. When examining second-ranked
applicants, control high schools start from a higher baseline: they have on average 0.20
students admitted in the treatment year, likely because their best-ranked applicant was
above the cutoff. Nevertheless, being just above the cutoff for the second-ranked ap-
plicant leads to a significant increase of 0.195 in the average number of admitted stu-
dents, compared to 0.27 for first-ranked applicants. Table E.4 presents the results for
the spillovers on the following cohort. While first-ranked applicants generate signifi-
cant effects on the number of applications (0.091 additional applications), we find no
such effect for second-ranked applicants (-0.009, not significant). Enrollment effects re-
main larger for first compared to second-ranked applicants, though the estimates are
insignificant.

These results suggest that while having an additional older schoolmate admitted
doesn’t diminish the basic spillover effect, it also doesn’t substantially amplify it. This
pattern aligns with our finding on the role of teacher influence: if teachers are key
conduits of information, the admission of a single student may be sufficient to make
them aware of specific degree programs and their accessibility to future cohorts.

4.2 Robustness

We conduct several tests to validate our baseline estimates’ robustness. First, we eval-
uate their stability under alternative specifications: (i) halving the bandwidth23, (ii) in-
cluding a second-order polynomial of the running variable, (iii) adding time-varying
high school controls, (iv) including high school-year fixed effects, and (v) allowing
slopes to vary at each degree admission cutoff rank. Figure 8 shows the estimates re-
main largely stable across these specifications, though some lose precision.

Second, we conduct two placebo tests. We implement a randomization inference
approach by randomly assigning ranks to high schools for degrees with at least one
older schoolmate applicant. Appendix Figure D.7 shows these randomized estimates
center around zero, with our baseline estimates lying far from this distribution. We
also estimate discontinuities at various points along the running variable and find sig-

23Appendix Figure C.1 shows estimates are robust to using any bandwidths between 11 and 31,
though application estimates sometimes lose precision for narrow bandwidths.
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Figure 8: Robustness of Baseline Older Schoolmate Spillovers to Alternative
Specifications

Notes: This figure presents estimates from six different specifications, including our baseline. Baseline
refers to the baseline estimates presented in Figure D.8, Bandwidth / 2 uses a bandwidth of half the
size as for the baseline estimates, Second order poly. includes a second-order polynomial of the running
variable in Equation 1, HS covariates includes the high school covariates presented in Figure 6, HS × year
FE includes high school-year fixed effects in Equation 1, and Varying slopes allows for different slopes
of the running variable for each degree. All the specifications in the figure correspond to local linear
regressions using a triangular kernel, and include degree-year fixed effects. The baseline bandwidth
(20.96) corresponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for degree outcomes.
Standard errors are clustered at the high school-year level. ***, **, and * indicate significance at 1, 5, and
10%, respectively.

nificant effects only at the actual cutoff (Appendix Figure C.2).
Finally, we estimate discontinuities in our main outcomes measured in the pre-

treatment year. We should observe no spillover effects in the pre-treatment year be-
cause by construction these students’ choices occur before the treatment takes place.
Figure 9 presents these results for treatment years 2013-2015, allowing us to track out-
comes from t − 1 to t + 2 for a constant sample. As expected, all coefficients in t − 1 are
insignificant.

4.3 Older Schoolmate Spillovers Persist Over Time

Our analysis thus far has demonstrated that older peers’ enrollment decisions influ-
ence the higher education choices of the following cohort of students from the same
high school. However, the impact of these decisions may extend beyond a single year.
Figure 9 provides compelling evidence that older schoolmate spillovers persist over
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time, creating what we term “snowball effects.”
The coefficients in t + 2, representing spillover effects two years after the initial

treatment, remain substantial and statistically significant, albeit slightly smaller than
those in t + 1. For the extensive margin of applications, the t + 2 spillovers are 75%
as large as those in t + 1, while for the intensive margin, they are 65% as large. This
persistence underscores the path-dependent nature of higher education choices within
high schools, demonstrating that seemingly minor shocks can continue to influence
students at least two years after the initial event. Intriguingly, the coefficients for en-
rollment do not decrease in t + 2. This observation lends support to the hypothesis
that programs may adjust their perceptions of student quality from high schools that
have previously sent few students. Such adjustments could explain the sustained en-
rollment effects over time.

These findings imply that the long-term impact of exposure to different degrees
through older schoolmates is larger than our short-run estimates suggest. More gen-
erally, they suggest that interventions aimed at influencing students’ higher education
choices could have cascading effects on future cohorts, potentially amplifying initial
impacts over time. This persistence highlights the importance of considering long-
term consequences when designing policies or interventions in higher education ad-
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Figure 9: Placebo and Snowball Effects

Notes: This figure shows estimates of within-high school spillovers in applications and enrollments
for outcomes measured in different years. “t − 1” refers to the year prior to the older schoolmate’s
marginal admission, “treatment year” refers to the year of an older schoolmate’s marginal admission,
and t + 1 and t + 2 correspond, respectively to high schools’ application and enrollment outcomes one
and two years following the marginal admission of one of its students. The sample is restricted to
treatment years 2014 and 2015 to ensure the sample is constant across estimates. All the specifications
in the figure correspond to local linear regressions using a triangular kernel, and include college-major -
year fixed effects. The bandwidth (20.96) corresponds to the smallest MSE-optimal bandwidth (Calonico
et al., 2014) for the main college-major outcomes. Statistically significance is based on standard errors
clustered at the high school - year level. Confidence intervals correspond to 95% confidence intervals.
***, **, and * indicate significance at 1, 5, and 10%, respectively.
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missions processes.

4.4 Older Schoolmate Spillovers on HE Institution, Field of Study

and Similar Degrees

HE institution and field of study. Students’ enrollment decisions could also have
broader spillovers on the higher education institution or field of study applications
and enrollments of students in the subsequent cohort of the same high school. So far
we have shown there are sizable degree-specific spillovers from one high school cohort
to the next. Each degree corresponds to a combination of higher education institution
and a field of study and thus either component could influence subsequent students’
higher education decisions.

We undertake the exact same analysis as for degrees, this time for institutions, and
for fields of study separately. Due to the specificity of the French higher education
system, fields of study are partly institution-specific because some tracks are only of-
fered in some types of institutions. For example, technical degrees are only offered
in University Institutes of Technology (Instituts Universitaires de Technologie (IUT)) and
vocational degrees are only offered in Sections of Superior Technicians (Sections de Tech-
niciens Supérieurs (STS)).

Appendix Figures D.8a and D.8b and Table 2 report the results. We find posi-
tive older schoolmate spillovers on applications and enrollments in a given institu-
tion, though these are very sensitive to the chosen bandwidth (see Appendix Figure
C.1), shrinking to zero for small bandwidths, suggesting they are null and statisti-
cally insignificant. Field of study spillovers consistently show very small and insignif-
icant effects. While it may at first seem surprising that we observe degree-specific
spillovers but no institution- or field of study-specific ones, this is most likely ex-
plained by the high exposure to institution and field of study separately, though not
to their specific combination, in control high schools. Specifically, students in control
high schools are already substantially exposed to both the institution and field of study
of the marginally rejected older schoolmate, as evidenced by the sizable counterfactual
means for these outcomes. Therefore, our findings suggest that older schoolmates have
very targeted influences on future cohorts.

Similar degrees. Our analysis has shown that an older schoolmate’s enrollment in
a specific degree increases the likelihood of younger students applying to that same
degree. This finding suggests a potential learning effect about the degree. However,
this influence may extend beyond the exact degree to similar programs. For instance,
if a student’s high school experiences a "shock" with a peer enrolling in a Law degree
at Sorbonne University, it might induce applications not only to that specific program
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but also to related programs like Law and Economics at at another Parisian university.
To test this hypothesis, we estimate spillover effects on similar degrees. We char-

acterize degree similarity using the top three ranked applications of admitted students
for each degree. We then group degrees based on their relative frequency and catego-
rize them into quartiles, ranging from the 25% most similar to the 25% least similar.
Additionally, we estimate spillovers for unrelated degrees by randomly selecting 10
degrees not present in the top three ranked applications of admitted students.

Figure 10 presents the results of this analysis. To facilitate comparison across dif-
ferent spillovers, we present the estimates as a percentage of the baseline mean. Our
findings reveal significant spillover effects for the most similar degrees, with a magni-
tude of approximately 50% of the baseline effect. In contrast, estimates for less similar
degrees are small in magnitude and statistically insignificant. These results suggest
that the influence of an older schoolmate’s enrollment is relatively targeted. Students
affected by a peer’s enrollment in a particular degree are more likely to apply not only
to that specific degree but also to very similar programs. However, this effect does not
seem to extend to less related degrees. This pattern of spillovers provides insights into
how information or influence flows within high schools. It suggests that students may
be gaining specific knowledge about certain academic paths or career options, rather
than experiencing a general increase in higher education aspirations.
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Figure 10: Older Schoolmate Spillovers on Similar Higher Education Degrees

Notes: This figure shows estimates of within-high school spillovers in applications for similar college-
majors. “Closest 25%” refers to college-majors that account for the 25% most commonly ranked among
the top 3 ranked college-majors of admitted students. “Unrelated college-majors” refers to 10 randomly
selected college-majors. All the specifications in the figure correspond to local linear regressions using
a triangular kernel, and include college-major - year fixed effects. The bandwidth (20.96) corresponds
to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for the main college-major outcomes.
Statistically significance is based on standard errors clustered at the high school - year level. Confidence
intervals correspond to 95% confidence intervals. ***, **, and * indicate significance at 1, 5, and 10%,
respectively.
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5 Heterogeneity

Having established the presence of significant spillovers across cohorts, we now ex-
amine how these effects vary across different dimensions to better understand their
nature and implications. Importantly, we find that the estimates are remarkably stable
across the five years of our sample period, despite not always reaching conventional
significance levels. This temporal consistency suggests that these spillovers represent
a structural rather than transitory influence on students’ higher education choices.

To further characterize these effects, we examine variation along four key dimen-
sions: student characteristics, high school attributes, program characteristics, and the
interaction between high school and program features. This comprehensive analysis
of heterogeneity not only helps identify which students are most influenced by their
older schoolmates, but also illuminates the conditions under which these influences
are strongest. We discuss each dimension in turn below.

5.1 Student Characteristics

We begin by examining how spillover effects vary across student characteristics to un-
derstand which students are most susceptible to be influenced by marginally admitted
older schoolmates. Figure 11 presents these results. We find no significant differences
in either application or enrollment effects between male and female students, suggest-
ing that older schoolmate influence operates similarly across genders. Surprisingly,
we find relatively similar levels of responsiveness between low and very high SES stu-
dents.24 This pattern is notable given the conventional wisdom that low SES students,
who typically have less information about higher education options, might rely more
heavily on peer experiences. This finding suggests that the information transmission
mechanism we document may operate similarly across socioeconomic groups.

5.2 High School Characteristics

The results in Figure 12 reveal notable variation across high school characteristics.
While we observe similar magnitude spillovers across most academic tracks (with
slightly larger effects in social sciences and literature), school size emerges as a key
differentiating factor. Spillover effects are strongest in small high schools (less than 30
students) and decrease with school size. This pattern could reflect stronger student-
teacher relationships in small schools, better alumni networks, or faster information
diffusion in smaller school communities. Examining variation by school academic

24Recall that students’ SES is based on their legal guardians’ occupations and categorized following
the French Ministry of Education’s classification: low SES (24% of applicants), middle SES (28%), high
SES (13%), and very high SES (34%).
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Figure 11: Heterogeneity by Student Characteristics

Notes: This figure shows estimates of within-high school spillovers in applications and enrollments
for subsamples of students. The application and enrollment outcomes are reported in the figure facet
titles, while the subsamples are reported on the y-axis. Socioeconomic status (SES) is based on students’
legal guardian’s occupation. All the specifications in the figure correspond to local linear regressions
using a triangular kernel, and include college-major - year fixed effects. The bandwidth (20.96) corre-
sponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for the main college-major out-
comes. Statistically significance is based on standard errors clustered at the high school - year level.
Confidence intervals correspond to 95% confidence intervals. ***, **, and * indicate significance at 1, 5,
and 10%, respectively. The percentage change relative to the counterfactual mean ([−5,−1]) is shown in
parenthesis next to the estimates.

level (measured by median high school exit exam scores and grouped into quintiles),
we find no systematic relationship between school performance and spillover inten-
sity. While some effects appear in the second quintile and top quintile for the extensive
margin of applications, the overall pattern suggests that a school’s academic standing
is not a primary determinant of cross-cohort influence.

5.3 Degree Characteristics

We next examine how older schoolmate spillovers vary across degree characteristics.
Our analysis reveals a clear pattern: spillover effects are strongest for public university,
technical, and professional programs, while we find no statistically significant effects
for the prestigious “preparatory classes” (two-year intensive programs to enter Grandes
Écoles, elite graduate schools) or other degrees. This pattern is reinforced when exam-
ining program selectivity (measured by enrolled students’ median high school exit
exam scores): spillovers are concentrated among programs in the lower deciles of se-
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Figure 12: Heterogeneity by High School Characteristics

Notes: This figure shows estimates of within-high school spillovers in applications and enrollments
for subsamples of high schools. The application and enrollment outcomes are reported in the figure
facet titles, while the subsamples are reported on the y-axis. High schools’ academic level is defined
as the median of its students’ end of high school exam (Bac) grades. The quintiles of academic level
are calculated over all high schools in the full sample, not only among high schools in the regression
discontinuity sample. All the specifications in the figure correspond to local linear regressions using a
triangular kernel, and include college-major - year fixed effects. The bandwidth (20.96) corresponds to
the smallest MSE-optimal bandwidth (Calonico et al., 2014) for the main college-major outcomes. Sta-
tistically significance is based on standard errors clustered at the high school - year level. Confidence
intervals correspond to 95% confidence intervals. ***, **, and * indicate significance at 1, 5, and 10%, re-
spectively. The percentage change relative to the counterfactual mean ([−5,−1]) is shown in parenthesis
next to the estimates.

lectivity. At first glance, this pattern might suggest that informational barriers play a
larger role than aspirational barriers in our setting. However, as we show below, the
relationship between program selectivity and spillover effects becomes more complex
when considering interactions with high school characteristics.

5.4 Interaction Between High School and Degrees Characteristics

Lastly, we examine interactions between high school and degree characteristics. Us-
ing our measures of high school academic level and degree selectivity (both based on
median high school exit exam scores), we focus on high schools in the bottom and top
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Figure 13: Heterogeneity by College-Major Characteristics

Notes: This figure shows estimates of within-high school spillovers in applications and enrollments
for subsamples of college-majors. The application and enrollment outcomes are reported in the figure
facet titles, while the subsamples are reported on the y-axis. College-majors’ selectivity is measured as
median end-of-high school exam grade of enrolled students. The deciles of selectivity are calculated
over all college-majors in the full sample, not only among college-majors in the regression discontinu-
ity sample. All the specifications in the figure correspond to local linear regressions using a triangular
kernel, and include college-major - year fixed effects. The bandwidth (20.96) corresponds to the small-
est MSE-optimal bandwidth (Calonico et al., 2014) for the main college-major outcomes. Statistically
significance is based on standard errors clustered at the high school - year level. Confidence intervals
correspond to 95% confidence intervals. ***, **, and * indicate significance at 1, 5, and 10%, respectively.
The percentage change relative to the counterfactual mean ([−5,−1]) is shown in parenthesis next to the
estimates.

quartiles and examine their responses to degrees across the selectivity spectrum. Two
striking patterns emerge: students from lower-performing high schools show stronger
responses when an older schoolmate is marginally admitted to a highly selective pro-
gram (top 25%), potentially reflecting increased aspirations among these schools’ top
students. This suggests that exposure to successful older peers can expand students’
horizons, making selective programs feel more attainable. Conversely, students from
top-performing high schools show large responses to older schoolmates admitted to
less selective programs (bottom 25%), indicating that peer influences can broaden the
set of programs students consider beyond their school’s typical trajectory.

Geographic distance between the high school and the degree also shapes spillover
effects.25 While nearby programs might be more familiar to students and distant ones
involve higher transport costs, we find that programs at moderate distances (50-100

25We obtain high schools’ and degrees’ precise geographic location (longitude and latitude) from
available open data. Exact geographic location is missing for 7% of high schools and 4% of degrees.
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Figure 14: Heterogeneity by High School and College-Major Characteristics

Notes: This figure shows estimates of within-high school spillovers in applications and enrollments
for subsamples of high schools and college-majors. The application and enrollment outcomes are re-
ported in the figure facet titles, while the subsamples are reported on the y-axis. See Figures 12 and 13’s
notes for details on the definitions of high schools academic level and college-major selectivity, used
for the Diff. Academic Level results. All the specifications in the figure correspond to local linear regres-
sions using a triangular kernel, and include college-major - year fixed effects. The bandwidth (20.96)
corresponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for the main college-major
outcomes. Statistically significance is based on standard errors clustered at the high school - year level.
Confidence intervals correspond to 95% confidence intervals. ***, **, and * indicate significance at 1, 5,
and 10%, respectively. The percentage change relative to the counterfactual mean ([−5,−1]) is shown in
parenthesis next to the estimates.

km) generate the strongest effects, both in applications and enrollment. This suggests
that older schoolmates’ experiences are particularly valuable for programs that are be-
yond immediate local knowledge but still within a manageable distance.

6 Mechanisms

Having established the presence and heterogeneity of older schoolmate spillovers, we
now examine two non-mutually exclusive mechanisms that might drive these effects:
(i) teacher influence, and (ii) student homophily/role model effects. Teachers may
recommend specific degrees based on their past students’ higher education choices,
thereby serving as conduits of information across cohorts. Students may also be more
responsive to older schoolmates who share similar characteristics such as gender or
socioeconomic background, suggesting a role for homophily and role models. Un-
derstanding these mechanisms helps inform potential policy interventions that could
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replicate these spillover effects.

6.1 Teacher Influence

To examine the role of teachers, we leverage data on “principal teachers”—i.e., teachers
who, in addition to teaching their subject-area, are in charge of all administrative duties
for their assigned class and, in particular, of helping their students with higher educa-
tion applications. Survey evidence from the French Ministry of Education and Higher
Education suggests that over 60% of students discuss their higher education plans with
these principal teachers, who are more likely to be well-informed about their students’
higher education choices relative to non-principal teachers (MESR, 2023). This institu-
tional feature allows us to test the teacher mechanism: we examine whether students
who share the same principal teacher with the marginally admitted older schoolmate
are more likely to apply to the older schoolmate’s degree than students who do not
share the same principal teacher. We restrict the analysis to high schools with (i) at
least two classes with different principal teachers, and (ii) at least one in common with
older schoolmates (55% of high school-years in our sample). These restrictions ensure
the subsample is consistent across estimation samples.

Table 3 displays the results of this analysis. The estimates for students sharing
the same principal teacher as the marginally admitted older schoolmate are signifi-
cantly larger than those for students not sharing the same principal teachers. We inter-
pret these results as suggesting teachers can play an important role in mediating the
cross-cohort spillovers we documented above and more generally in shaping students’
higher education choices. These findings complement a growing literature on teachers’
long-run effects on students’ educational trajectories (Chetty et al., 2011; Jackson, 2018)
as well as studies on the effects of teacher-student gender matches on major choices
(Carrell et al., 2010; Lim and Meer, 2020).

6.2 Student Homophily/Role Model

Next, we examine the role played by homophily and role models in shaping older
schoolmate spillovers. The literature on role models has shown substantial impacts
of demographic matching: female professors significantly increase girls’ likelihood
of pursuing STEM degrees (Carrell et al., 2010) and economics degrees (Canaan and
Mouganie, 2021). Similarly, exposure to Black teachers substantially increases college
enrollment for Black students (Gershenson et al., 2022), while interactions with female
scientists significantly affect girls’ STEM applications (Breda et al., 2023).

In the spirit of these studies, we examine whether students are more responsive
to older schoolmates who share their demographic characteristics. Specifically, we
test for gender matching effects (whether girls/boys follow female/male older school-
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Table 3: Effect of Principal Teacher on Older Schoolmate Spillovers

Same principal teacher
as older schoolmate

Different principal teacher
as older schoolmate

At least one applicant Number of applicants At least one applicant Number of applicants
(1) (2) (3) (4)

Older schoolmate above cutoff (ITT) 0.01** 0.026** -0.001 0.001
(0.004) (0.011) (0.005) (0.015)

% of counterfactual mean 5.32 7.5 -0.37 0.2

Degree-year FE ✓ ✓ ✓ ✓
Obs. (right) 73,706 73,706 73,706 73,706
Obs. (left) 71,935 71,935 71,935 71,935
Counterfactual mean [-5,-1] 0.182 0.348 0.223 0.484
Bandwidth 20.96 20.96 20.96 20.96

Notes: This table shows estimates of older schoolmate spillovers in applications for students sharing the same principal teacher and class
number as the marginally admitted older schoolmate and for students who do not. The application outcomes are reported in the figure
facet titles. All the specifications in the figure correspond to local linear regressions using a triangular kernel, and include degree-year
fixed effects. The bandwidth (20.96) corresponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for the main degree
outcomes. Statistically significance is based on standard errors clustered at the high school-year level. Confidence intervals correspond
to 95% confidence intervals. ***, **, and * indicate significance at 1, 5, and 10%, respectively. The percentage change relative to the
counterfactual mean ([−5,−1]) is shown in parenthesis next to the estimates.

mates) and socioeconomic status matching (whether low/very high SES students fol-
low low/very high SES older schoolmates). Since all students within a high school
likely have similar information about previous cohorts’ outcomes, evidence of differ-
ential effects by demographic matching would suggest that older schoolmates serve
as some form of role models rather than mere information sources. Importantly, be-
cause our regression discontinuity design compares students of the same gender or
SES background on both sides of the admission cutoff, any differences in effects can-
not be explained by gender- or SES-specific program preferences. Figure 15 presents
these results, with underlying visual evidence in Appendix Figures D.10-D.13.

We find strong evidence for gender-specific role model effects, but only for girls.
Female students are 1.6 percentage points (+8%) more likely to apply to the same de-
gree as a marginally admitted female older schoolmate, while showing no significant
response to male older schoolmates. This pattern holds for both the extensive and in-
tensive margins of applications. Male students, however, show no differential response
based on the gender of the older schoolmate.

These asymmetric gender effects—with girls responding strongly to female older
schoolmates while boys show no gender-specific response—echo similar patterns doc-
umented in other educational contexts. Breda et al. (2023) find that female role models
increase girls’ interest in math-intensive fields with no effects on boys, while Porter
and Serra (2020) show female role models increase women’s propensity to major in
economics without affecting men’s choices. This aligns with research in social psy-
chology finding that female students draw greater inspiration from and more strongly
identify with female than male role models, while male students’ responses appear
less influenced by role model gender (Lockwood, 2006).

The socioeconomic dimension reveals symmetric role model effects. Low SES stu-
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Figure 15: Older Schoolmate Gender- and SES-Specific Spillovers

Notes: This figure shows estimates of within-high school spillovers in applications for students shar-
ing the same gender and SES as the marginally admitted older schoolmate and for students who do not.
The application outcomes are reported in the figure facet titles, while the marginally admitted older
schoolmate’s characteristic are reported on the y-axis. Socioeconomic status (SES) is based on students’
legal guardian’s occupation. All the specifications in the figure correspond to local linear regressions
using a triangular kernel, and include degree-year fixed effects. The bandwidth (20.96) corresponds to
the smallest MSE-optimal bandwidth (Calonico et al., 2014) for the main college-major outcomes. Sta-
tistically significance is based on standard errors clustered at the high school-year level. Confidence
intervals correspond to 95% confidence intervals. ***, **, and * indicate significance at 1, 5, and 10%, re-
spectively. The percentage change relative to the counterfactual mean ([−5,−1]) is shown in parenthesis
next to the estimates.

dents are 1.2 percentage points (+10%) more likely to follow a marginally admitted
low SES older schoolmate but show minimal response (+0.4 percentage points) to very
high SES older schoolmates. Similarly, very high SES students are 1 percentage point
(+8%) more likely to follow very high SES older schoolmates while being unrespon-
sive (+0.1 percentage points) to low-SES older schoolmates. This symmetric pattern
aligns with our earlier finding that average responsiveness to older schoolmates does
not vary substantially by student SES.

These results connect to the literature on identity and educational choice. Akerlof
and Kranton (2000) theorize that students make educational choices that align with
their social identity, while Ray (2006) argues that individuals form aspirations through
social learning from “attainable” role models—those similar enough to make their
achievements feel possible. Our findings suggest that seeing a demographically simi-
lar peer enrol in a specific degree makes that path feel more viable, perhaps by making
abstract possibilities more concrete and attainable. This interpretation is particularly
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relevant for understanding why both low and very high SES students are more respon-
sive to same-SES peers, as it suggests students across the socioeconomic spectrum look
to those with similar backgrounds when forming their educational aspirations.

7 Implications of Older Schoolmate Spillovers

To assess the broader implications of older schoolmate influences on higher education
inequalities, we conduct a counterfactual analysis examining how low SES students’
applications would change if they were exposed to the same set of older schoolmates
as their very high SES peers.26 We first focus on high-achieving students, i.e., those in
the top 10% of the academic ability distribution, who have been shown to dispropor-
tionately apply to less selective institutions/degrees than their academic credentials
would warrant (Hoxby and Avery, 2013; Campbell et al., 2023). We then generalize
this analysis to the entire academic ability distribution.

We measure students’ academic ability using their percentile rank in the national
distribution of high school exit exam scores by academic year, and we define degree
selectivity based on median exam score of admitted students in the previous year in
each degree-year combination, which we then rank into percentiles by academic year.
Among students in the top decile of the exam score distribution, low SES students are
27 percentage points less likely to apply to degrees in the top selectivity decile com-
pared to their very high SES counterparts of similar academic ability (the full student
academic decile - degree selectivity decile application matrix can be found in Appendix
Figure D.14). This stark disparity in application behavior might partly reflect differen-
tial exposure to high-achieving older peers: while 95% of high-achieving, very high
SES students have at least one older schoolmate who enrolled in a top-decile degree,
only 75% of similarly academically able low SES students do (the full older schoolmate
exposure matrix can be found in Appendix Figure D.15).

To quantify how older schoolmate exposure shapes these application gaps, we con-
duct a counterfactual analysis that simulates high-achieving, low SES students’ appli-
cations if they were exposed to the same older schoolmates as their high-achieving,
very high SES peers. Our methodology proceeds in three steps. First, we identify the
subset of high-achieving, low SES students to “shock”: those with no older school-
mates enrolled in top-decile degrees. As we just discussed, this comprises 25% of
all high-achieving, low SES students. Second, we calculate how many of these stu-
dents’ applications should be adjusted. This calculation combines (i) our baseline 2SLS
spillover estimate and (ii) the observed exposure gap. Our baseline estimate suggests

26We continue to follow the socioeconomic status (SES) categories constructed by the French Ministry
of Education based on students’ legal guardian’s occupation: low SES (24% of all applicants), middle
SES (28%), high SES (13%), and very high SES (34%).
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that having a marginally enrolled older schoolmate increases the number of applicants
to a degree by 23.5% (Table 2, column 2). Moreover, we aim to close the 20 percent-
age points exposure gap between low and very high SES students. To equalize ex-
posure, we need to expose an additional 20 percentage points of high-achieving, low
SES students to top-decile degrees. Since this 20 percentage point gap represents 80%
of students with no current exposure (20/25), and the spillover effect is 23.5%, 18.8%
(23.5% times 80%) of students without current exposure should therefore be affected.
Finally, for the calculated number of students, we randomly select them and elevate
their most ambitious application to the median rank within the top decile of degree
selectivity (i.e., 95.5), but only if their current most ambitious application is below this
threshold. We run this counterfactual simulation exercise 100 times and compute low
SES’ average most ambitious counterfactual application at each academic ability rank.
The results are shown in Table 4, Panel A.

This counterfactual exercise suggests that equalizing older schoolmate exposure
would increase the share of high-achieving, low SES students applying to top-decile
degrees from 47.4% to 50.3%. While a 3 percentage point increase may appear modest,
it represents an 11% reduction in the raw application gap (27 percentage points), a
sizable reduction.

This analysis rests on one important hypothesis: that our baseline spillover ef-
fects are homogeneous across degree selectivity and student academic ability, which
we know is not the case. As such, our baseline spillover estimates may perhaps not
accurately reflect how high-achieving, low SES students would react to older school-
mates enrolling in a top decile degree. Moreover, these baseline estimates only tell
us the additional number of applicants to the exact degree to which a high school is
exposed, but not the additional number of applicants to any degree in the top decile.

Table 4: Results of Counterfactual Analysis for Top 10% Students

Very High SES
observed

Low SES
observed

Low SES
counterfactual

Panel A. Homogeneous treatment effects (baseline estimates)
Applications to top 10% degrees (%) 74.2 47.4 50.3
Difference relative to very high SES (p.p.) - 26.8 23.9
Change in difference (%) - - 10.8

Panel B. Heterogeneous treatment effects (SES × academic decile × degree decile estimates)
Applications to top 10% degrees (%) 74.2 47.4 50.0
Difference relative to very high SES (p.p.) - 26.8 24.2
Change in difference (%) - - 9.7

Notes: This table displays of the counterfactual analysis for two sets of older schoolmate spillovers: using
baseline estimates (Panel A), and more non-parametric estimates at the SES - student academic decile -
degree selectivity decile level (Panel B).
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This would allow us to capture, for example, how exposure to a marginally enrolled
older schoolmate in a top 10% degree affects the likelihood of low SES students in the
top 10% of academic achievement to apply to any top 10% degree. Thus, we estimate
spillovers at the SES x academic ability decile x degree decile level, and use these esti-
mates to recompute the counterfactual analysis. The results, reported in Table 4’s Panel
B, are quantitatively similar to the ones obtained using our baseline spillover effects: a
roughly 10% reduction in the application gap to top decile degrees.

We extend this analysis across the full student ability degree selectivity distribu-
tions, using both our baseline spillover effects and the more granular estimates that
vary by student SES, academic decile, and degree selectivity decile. For each student
academic ability decile - degree decile combination, we apply the same simulation
approach described above, adjusting applications based on the magnitude of the esti-
mated spillover and the older schoolmate exposure gap. However, we make two ad-
justments to our approach. First, we restrict spillovers to “reasonable” degrees—those
whose selectivity is within two deciles of the student’s own academic decile (e.g., bot-
tom decile students are only exposed to degrees up to the third decile of selectivity).
Second, as each student may have multiple potential application changes (one for each
relevant degree selectivity decile), we keep only their most ambitious counterfactual
application. For example, a bottom-decile student might have simulated applications
for bottom-, second-, and third-decile degrees, but we only keep their most ambitious
application across all three simulations.

Figure 16 plots the relationship between students’ high school exit exam rank and
the selectivity rank of their most ambitious application, comparing observed patterns
(solid lines) to counterfactual scenarios (dashed lines). Under both simulation scenar-
ios, equalizing older schoolmate exposure consistently narrows the SES gap in appli-
cation ambition at the top of the academic ability distribution. This is because this is
where exposure gaps to relevant selectivity degrees relative to very high SES students
are most pronounced.

8 Discussion and Policy Implications

Our findings on older schoolmate spillovers on higher education choices have several
potential policy implications. These implications touch on issues of educational equity,
school segregation, and the role of information in college choice.

First, our results suggest that implementing high school quotas for elite degrees
could have cascading effects on educational equity. While potentially controversial,
such quotas could ensure a more diverse representation of high schools in top pro-
grams, triggering positive spillovers across multiple cohorts and potentially broaden-
ing access to elite education. The need for such measures is underscored by the stark
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Figure 16: Application Mismatch With and Without Counterfactual Spillovers

Notes: This presents the results from the counterfactual analysis.

concentration of current admission patterns. In the United Kingdom, a mere eight high
schools account for 50% of admitted students to Oxford University and Cambridge
University, the two most prestigious schools in the country (Montacute and Cullinane,
2018). Similarly, in the French context, just 8% of high schools contribute 50% of stu-
dents enrolled in the most selective elite graduate institutions (Bonneau et al., 2021).

Second, our findings highlights the importance of reducing residential and within-
high school segregation. The strong influence of older schoolmates on higher educa-
tion choices implies that segregation may perpetuate inequalities in higher education
access. Policies aimed at increasing socioeconomic and racial diversity within high
schools could lead to more diverse peer influences and, consequently, more diverse
college applications.

Third, our research emphasises the crucial role of high-quality higher education
guidance provided by schools. This guidance could potentially be significantly im-
proved through enhanced training for principal teachers, who may also struggle to
navigate the complexity of the French higher education landscape. Furthermore, there
is evidence that school counselors have substantial impacts on students’ educational
outcomes (Mulhern, 2023), suggesting that broader policies to improve and expand
school counseling services could be highly beneficial. These improvements in guid-
ance could amplify the spillover effects we observe, by ensuring that students are bet-
ter informed about their options and more capable of leveraging the experiences of
their older schoolmates.

Lastly, our results suggest that encouraging high schools to organize alumni fo-
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rums, facilitate feedback from older schoolmates, and establish mentoring programs
across cohorts could be beneficial. However, care must be taken to ensure these initia-
tives do not exacerbate existing inequalities between high schools. Schools with fewer
resources or less diverse alumni networks might struggle to implement such programs
effectively.

9 Conclusion

This paper provides evidence that the high school environment, particularly the influ-
ence of older schoolmates, plays a crucial role in shaping students’ higher education
choices. By leveraging a novel research design based on degree-specific admission
cutoffs in the French higher education system, we uncover significant spillover effects
across cohorts within the same high school.

We find that students are substantially more likely to apply to and enroll in the
same degrees as their older schoolmates from the previous year. These effects are both
statistically significant and economically meaningful, about half the size of spillovers
across siblings estimated in other countries. Importantly, these spillover effects persist
over time and extend beyond exact programs to similar degrees, indicating a broader
influence on students’ educational trajectories.

The mechanisms underlying these spillovers appear to be twofold. First, we find
evidence of significant teacher influence, with students sharing the same principal
teacher as the older peer being more likely to emulate their choices. Second, we ob-
serve strong homophily effects, where spillovers are larger when students share de-
mographic characteristics with the older schoolmate. These findings have important
implications for policy design, suggesting that interventions should consider both the
role of teachers and the importance of relatable role models.

The potential for these spillover effects to narrow application gaps between high-
achieving students of different socioeconomic backgrounds is particularly noteworthy.
Our counterfactual analysis suggests that equalizing exposure to high-achieving older
schoolmates could reduce the application gap to top degrees by approximately 10%.
While this would not eliminate disparities entirely, it represents a significant step to-
wards greater educational equity.

These findings open up several avenues for policy interventions. Implementing
high school quotas for prestigious degrees, enhancing mentorship programs, and fos-
tering cross-cohort interactions within schools through alumni meetings are all poten-
tial strategies that could harness these spillover effects. By leveraging peer influences,
policymakers and educators may be able to complement traditional approaches to pro-
moting educational equity and social mobility.
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A Institutional Background: Additional Details
A very clear overview of the French higher education landscape and its costs can be found
in Fack and Grenet (2015). We summarise some of the important features of France’s higher
education below. Figure A.1 provides an (somewhat simplified) illustration.

A.1 Access to Higher Education
In France, the only requirement to enter higher education is to obtain the end of high school
exam, the Baccalauréat (hereafter Bac). Over 2013-2016, roughly 88% of students who took the
Bac obtained it. Three types of Bac can be prepared by high school students, all of them corre-
sponding to the type of high school track they are enrolled in. They are categories, in their more
aggregate versions, as general (academic; ), technological (technical), and professional (vocational).
In 2021, half of Bac holders obtained a general Bac, the remaining half were divided between
technological tracks (20%) and professional tracks. About three out of four high school stu-
dents who obtained the Bac continued into tertiary education MESR (2019). This share is much
higher for students from general and technical high school tracks as compared to students from
vocational tracks.

A.2 Types of Higher Education Programs
The French higher education system is composed of five types of programs: non-selective pub-
lic universities, (ii) selective vocationally-oriented post-secondary schools (Sections of Superior
Technicians (Sections de Techniciens Supérieurs (STS))), (iii) selective technically-oriented institutes
(University Institutes of Technology (Instituts Universitaires de Technologie (IUT))), (iv) selective
academically-oriented preparatory classes (Preparatory Classes for the Grandes Écoles (Classes
Préparatoires aux Grandes Écoles (CPGE))), and (v) other private schools (mostly engineering,
business, art, and paramedical and social schools).

Selective institutions are free to select their applicants according to their own (undisclosed)
criteria. Non-selective programs could not select its students. If capacity constraints were
bindings, they distinguished applicants based on non-academic priority rules such as whether
the student was from the same academic region as the institution and how applicants ranked
the degree in their rank-ordered list. Lotteries were implemented to break ties should capacity
constraints continue to bind despite these priority criteria. See Bechichi and Thebault (2021) for
more details, and analysis of these lotteries.

A.3 Cost of Higher Education
The cost of higher education depends exclusively on whether the institution is public or private.
82% of students are enrolled in a public institution. Public institutions charge annual tuition
fees of slightly under 200 euros. There is no limit on the tuition fees private institutions can
charge.

A.4 Admission Post-Bac (APB)
From 2009 to 2017, students seeking admission to higher education programs were required to
go through a centralised national platform called Admission Post-Bac (APB), where they could
apply to both non-selective and selective programs. The APB system gathered roughly 12,000
programs and 800,000 applicants each year. Candidates submitting applications were asked to
provide a rank-ordered list (ROL) of programs from January to March. Following this applica-
tion phase, program administrators rank applicants. Each selective program produces its own
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Figure A.1: Higher Education Landscape in France

specific ranking based on discretionary criteria and without any legal constraints. Selective
programs are not required to rank all their applicants. The ranking for a non selective program
is produced automatically by the centralised platform on the basis of applicants’ non-academic
priorities. In contrast to selective programs, a rank is assigned to all the applicants to a given
non-selective program. It is important to note that the local decision rules or algorithms used
by selective programs to rank applicants are not public information, neither for applicants nor
for the centralised platform. The only information that the platform collects is the rank of each
applicant, the outcome produced by local algorithms.

Taking into account programs’ capacities in addition to applicants’ ROL and programs
rankings, applicants get offered a seat to their best feasible option through a three-rounds
college-proposing deferred acceptance (DA) algorithm (Gale and Shapley, 1962) taking place
from June to July (Figure A.2). For each program j and each admission round k, applicant i gets
offered a seat only if (i) the rank rk

i,j is above the cutoff ck
j which corresponds to the rank of the

last applicant receiving an offer; (ii) there is no higher-ranked program j′ where applicant i is
ranked above the cutoff ck

j′ . Applicants could accept the offer, turn it down or conditionally ac-
cept placement while waiting for applicants selected by higher-ranked programs to withdraw
from the selection process in subsequent admission rounds. This sequential procedure implies
that programs cutoffs could evolve from round 1 to round 3, always observing the following
rule : c1

j ≤ c2
j ≤ c3

j . The final results of the Bac were published between the second and the
third rounds of the procedure. Students who failed the exam were not able to compete for a
seat anymore, and their seats were re-offered in the third round. Finally, applicants could par-
ticipate in supplementary rounds, which took place between June and September, and helped
students to apply to programs with remaining seats. Figure A.2 summarises the timeline of
this process.
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Figure A.2: Timeline of the Application and Admission Procedure into Higher
Education Programs in France
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B Spillover effects and older schoolmates’ experience
Are high school students more likely to be influenced by older peers who successfully graduate
from a program after enrolling? Admission to a program does not necessarily lead to satisfac-
tion or success for all students once enrolled. The question of how the educational trajectories
of older peers influence the decisions of new generations of high school students is crucial. En-
couraging students to apply to colleges where former peers had negative experiences may not
be an effective strategy for improving higher education outcomes. This disconnect may arise
due to insufficient skills for the program or mismatches related to factors such as course con-
tent or class composition. In France, there is a notably high proportion of students who drop
out of university without obtaining a degree or change majors early in their studies.

When high school students apply to French universities through centralized platforms in
January, they have limited information about the experiences of their older peers who were ad-
mitted the previous year and began their studies in September. Furthermore, no administrative
data is available to track the academic performance of these peers during their first semester.

To approximate the negative experiences of older peers, we identify those who reapplied
to new programs shortly after the start of the academic term. This is the earliest indicator we
can observe. Early program changes by older peers could serve as a valid proxy for a negative
experience, as this information becomes available in January, coinciding with the period when
new students are making their college decisions.

When re-estimating the ITT effect on the subset of cases where the older peer was iden-
tified as an "early mover" (almost 30% of our observations), we find that spillover effects on
applications are not significantly different from the full sample estimates. However, spillover
effects on program rankings and final admissions decisions are slightly lower when the older
peer was an early mover. Since applications reflect only students’ choices, while program rank-
ings and final admissions are influenced by both student preferences and colleges screening of
applications, these results suggest that new students do not heavily consider older peers’ ex-
periences when applying to higher education programs. Additionally, college programs seem
to update their assessment of student potential based on older peers’ experiences.
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Full sample No early
change for

the older
schoolmate

Early
change for

the older
schoolmate

Sample size 375,566 267,841 107,725

Spillovers on applications
Baseline mean 0.79 0.828 0.701

ITT 0.039***
(0.0131)

0.039**
(0.0163)

0.035
(0.0231)

Spillovers on programs’ ranking
Baseline mean 0.503 0.522 0.455

ITT 0.02**
(0.0092)

0.022*
(0.0115)

0.015
(0.0162)

Spillovers on final admission
Baseline mean 0.064 0.066 0.059

ITT 0.006**
(0.0023)

0.006**
(0.0028)

0.001
(0.004)

Table B.1: Spillover effects and older schoolmates’ experience

Notes: This table shows spillover effects based on the experience of older schoolmates. The first column
presents results for the full sample, while the second and third columns distinguish between cases where
the older schoolmate did or did not experience early changes in their college-major. The estimates
account for applications, program rankings, and final admissions outcomes.
***, **, and * indicate significance at 1, 5, and 10%, respectively.
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C Robustness Checks
We assess the robustness of our baseline results to (i) varying the bandwidth over which the
estimates are computed (Appendix Figure C.1, and (ii) estimating older schoolmate spillovers
at placebo admission rank cutoffs (Appendix Figure C.2).
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(b) Higher Education Institution Spillovers
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(c) Field of Study Spillovers

Figure C.1: Robustness of Baseline Older Schoolmate Spillovers to Using Different
Bandwidths

Notes: This figure shows estimates of older schoolmate spillovers, varying the bandwidth over which
the estimates are obtained. The application and enrollment outcomes are reported in the figure facet
titles, while the type of spillover (degree, HE institution, or field of study) is indicated by the subfigure
caption. The baseline bandwidth is denoted by the vertical dashed line. All the specifications in the
figure correspond to local linear regressions using a triangular kernel, and include degree-year fixed
effects. Statistically significance is based on standard errors clustered at the high school-year level.
Confidence intervals correspond to 95% confidence intervals.7
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(b) Higher Education Institution Spillovers
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Figure C.2: Robustness of Baseline Older Schoolmate Spillovers to Placebo Admission
Cutoffs

Notes: This figure shows estimates of older schoolmate spillovers, varying the admission cutoff at
which the estimates are obtained. The application and enrollment outcomes are reported in the figure
facet titles, while the type of spillover (degree, HE institution, or field of study) is indicated by the subfig-
ure caption. All the specifications in the figure correspond to local linear regressions using a triangular
kernel, and include degree-year fixed effects. The bandwidth (21.32) corresponds to the smallest MSE-
optimal bandwidth (Calonico et al., 2014) for the main college-major outcomes. Statistically significance
is based on standard errors clustered at the high school-year level. Confidence intervals correspond to
95% confidence intervals.
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Figure D.1: Degree Admission Cutoff Rank in Year t and t + 1

Notes: This figure shows the number of enrolled students for a given high school and college-major
as a function of the high school’s distance to the last admitted student.
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Notes: This figure shows the number of enrolled students for a given high school and college-major
as a function of the high school’s distance to the last admitted student.
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Figure D.3: Running Variable With Degree Type Composition

Notes: This figure shows the composition in terms of degree type of the running variable which
corresponds to the rank of the high school’s best ranked applicant by the college-major centered around
the rank of the college-major’s last admitted student. The dashed lines represent the the regression
discontinuity (RD) bandwidth used in the analysis.
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Figure D.4: Discontinuity in High School Characteristics

Notes: This figure shows non-parametric binned scatter plots of the relationship between various
high school characteristics and distance to the last admitted student. The high school characteristics are
reported in the figure facet titles. Each point corresponds to the average high school characteristic for
high schools with distance to the last admitted student equal to the value on the x-axis. The fitted lines
correspond to second-order polynomial fits through the conditional expectation.11
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Notes: This figure shows non-parametric binned scatter plots of the relationship between various
college-major characteristics and distance to the last admitted student. The college-major characteristics
are reported in the figure facet titles. Each point corresponds to the average college-major characteristic
for high schools with distance to the last admitted student equal to the value on the x-axis. The fitted
lines correspond to second-order polynomial fits through the conditional expectation.
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Figure D.6: Probability and Number of Older Schoolmates Enrolling in Degree
Around Admission Cutoff Rank - For High School First- and Second-Ranked

Applicant

Notes: Only high schools with exactly two applicants to a given degree in a given year. This figure
shows, for high-schools with two students ranked by the college-major, the number of enrolled students
in the college-major as a function of the distance to the last admitted student in the same year. The
figures compare two alternative definitions of the distance to the last admitted student. The first one is
the rank of the high school’s best ranked applicant by the college-major centered around the rank of the
college-major’s last admitted student, the second one is the rank of the high school’s second-best ranked
applicant by the college-major centered around the rank of the college-major’s last admitted student.
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Figure D.8: Older Schoolmate Spillovers on Applications to and Enrollment in
Marginally Admitted Older Schoolmate’s HE Institution and Field of Study

Notes: This figure presents non-parametric binned scatter plots of the relationship between high
schools’ application and enrollment outcomes for a degree in t + 1 and these high schools’ distance to
the degrees’ last admitted student in t. The specific application and enrollment outcomes are reported
in each facet’s title. Each point represents the average outcome value for high schools at a given distance
from the admission cutoff rank. The fitted lines correspond to second-order polynomial fits through the
conditional expectations. Both the intent-to-treat (ITT) and instrumented (2SLS) estimates are reported,
using local linear regressions with a triangular kernel, and including degree-year fixed effects. The
bandwidth (20.96) corresponds to the smallest MSE-optimal bandwidth (Calonico et al., 2014) for these
main outcomes. Standard errors, clustered at the high school-year level, are reported in parentheses.
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Figure D.9: Event-Study Analysis Graphs

Notes: This figure shows non-parametric binned scatter plots of the relationship between high
schools’ application and enrollment outcomes for a college-major in different years and high schools’
distance to the college-majors’ last admitted student in t. “Treatment Year - 1” refers to the year prior to
the older schoolmate’s marginal admission, “Treatment Year” refers to the year of an older schoolmate’s
marginal admission, and “Treatment Year + 1” and “Treatment Year + 2” correspond, respectively to
high schools’ application and enrollment outcomes one and two years following the marginal admis-
sion of one of its students. The sample is restricted to treatment years 2014 and 2015 to ensure the
sample is constant across estimates. Each point corresponds to the average college-major characteristic
for high schools with distance to the last admitted student equal to the value on the x-axis. The fitted
lines correspond to second-order polynomial fits through the conditional expectation.
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Figure D.10: Role Model Effects for Girls

Notes: This figure shows non-parametric binned scatter plots of the relationship between girls’ ap-
plication and enrollment outcomes for a college-major in t + 1 and high schools’ distance to the college-
majors’ last admitted girl or boy in t. The application and enrollment outcomes are reported in the figure
facet title. Each point corresponds to the average outcome value for girls in high schools with distance
to the last admitted student equal to the value on the x-axis. The fitted lines correspond to second-order
polynomial fits through the conditional expectation.
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Figure D.11: Role Model Effects for Boys

Notes: This figure shows non-parametric binned scatter plots of the relationship between boys’ ap-
plication and enrollment outcomes for a college-major in t + 1 and high schools’ distance to the college-
majors’ last admitted boy or girl in t. The application and enrollment outcomes are reported in the figure
facet title. Each point corresponds to the average outcome value for boys in high schools with distance
to the last admitted student equal to the value on the x-axis. The fitted lines correspond to second-order
polynomial fits through the conditional expectation.
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Figure D.12: Role Model Effects for Low SES Students

Notes: This figure shows non-parametric binned scatter plots of the relationship between low SES
students’ application and enrollment outcomes for a college-major in t + 1 and high schools’ distance to
the college-majors’ last admitted low SES or very high SES student in t. The application and enrollment
outcomes are reported in the figure facet title. Each point corresponds to the average outcome value for
low SES students in high schools with distance to the last admitted student equal to the value on the
x-axis. The fitted lines correspond to second-order polynomial fits through the conditional expectation.

15%

20%

25%

−30 −20 −10 0 10 20 30

Distance to last
admitted student in t

Marginally admitted older
schoolmate is very high SES.

At least one very high
SES applies in t+1

A

9%

12%

15%

18%

−30 −20 −10 0 10 20 30

Distance to last
admitted student in t

Marginally admitted older
schoolmate is low SES.

At least one very high
SES applies in t+1

B

0.3

0.4

0.5

−30 −20 −10 0 10 20 30

Distance to last
admitted student in t

Marginally admitted older
schoolmate is very high SES.

Number of very high
SES applicants in t+1

C

0.15

0.20

0.25

0.30

−30 −20 −10 0 10 20 30

Distance to last
admitted student in t

Marginally admitted older
schoolmate is low SES.

Number of very high
SES applicants in t+1

D

Figure D.13: Role Model Effects for Very High SES Students

Notes: This figure shows non-parametric binned scatter plots of the relationship between very high
SES students’ application and enrollment outcomes for a college-major in t + 1 and high schools’ dis-
tance to the college-majors’ last admitted very high SES or low SES student in t. The application and
enrollment outcomes are reported in the figure facet title. Each point corresponds to the average out-
come value for very high SES students in high schools with distance to the last admitted student equal
to the value on the x-axis. The fitted lines correspond to second-order polynomial fits through the con-
ditional expectation.
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Figure D.14: Most Ambitious Degree by Decile

Notes: This figure reports the likelihood of applying to a degree quality decile for low and very high
SES students of different academic ability deciles.
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Figure D.15: Older Schoolmate Exposure Matrix

Notes: Write up figure notes.
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E Appendix Tables

Table E.1: Number of Observations at Each Sample Restriction

Restriction Nb. College-Majors % Change Nb. High Schools % Change Nb. Total Obs. % Change

Raw number 50,359 100% 66,157 100% 5,541,916 100%
+ College-majors present in treatment and following year 47,991 95.3% 65,956 99.7% 5,381,382 97.1%
+ At least one applicant ranked after last admitted student 41,105 85.65% 65,811 99.78% 4,951,709 92.02%
+ High schools with at least one applicant in two consecutive years 41,105 100% 63,824 96.98% 4,918,338 99.33%
+ No change in reported capacity between admission rounds 34,089 82.93% 63,549 99.57% 3,682,664 74.88%
+ At least 30 high schools within applicant pool 27,497 80.66% 63,364 99.71% 3,526,706 95.77%
+ Symmetrization of running variable 25,701 93.47% 61,275 96.7% 1,143,975 32.44%
+ Drop marginal student 25,419 98.9% 61,208 99.89% 1,130,891 98.86%
+ At least 2 obs. on both sides of cutoff within bandwidth 19,577 77.02% 61,002 99.66% 1,067,809 94.42%

Notes: This table shows the number of college-major - years, high school - years, and observations at each sample restriction mentioned in Section 3.2. High schools
refer to high school x tracks.
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Table E.2: Discontinuity in Degree Ranking of Applicants at Admission Cutoff Rank

Ranked Ranked in Top 10% Ranked in Top 25% Ranked in Top 50% Offer

At least one Number At least one Number At least one Number At least one Number At least one Number
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Older schoolmate above cutoff (ITT) 0.007 0.017 0.003 0.014* 0.006 0.022 0.006 0.022 0.009 0.01
(0.005) (0.027) (0.004) (0.008) (0.006) (0.014) (0.006) (0.021) (0.006) (0.015)

% of counterfactual mean 0.93 0.99 2.8 7.52 2.45 4.77 1.33 2.33 1.74 1.12
Older schoolmate enrols (2SLS) 0.028* 0.08 0.014 0.054* 0.025 0.089* 0.024 0.098 0.036* 0.048

(0.016) (0.094) (0.015) (0.029) (0.019) (0.048) (0.021) (0.075) (0.02) (0.053)
% of counterfactual mean 3.57 4.66 10.99 28.56 9.52 19.12 5.47 10.27 6.78 5.41

Degree-year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Obs. (right) 69,081 69,081 69,081 69,081 69,081 69,081 69,081 69,081 69,081 69,081
Obs. (left) 55,483 55,483 55,483 55,483 55,483 55,483 55,483 55,483 55,483 55,483
Counterfactual mean 0.782 1.71 0.124 0.188 0.261 0.466 0.445 0.957 0.524 0.879
Bandwidth 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96
First stage 0.286*** 0.286*** 0.286*** 0.286*** 0.286*** 0.286*** 0.286*** 0.286*** 0.286*** 0.286***

(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
First stage F-stat 7,818 7,818 7,818 7,818 7,818 7,818 7,818 7,818 7,818 7,818

Notes:
Includes degree-year fixed effects. Standard errors clustered at the high school x track-year level. ***, **, and * indicate significance at 1, 5, and 10%, respectively.

Table E.3: Discontinuity in Student Preferences at Admission Cutoff Rank

Number of Top Ranked Applications Median Application Rank

(1) (2)

Older schoolmate above cutoff (ITT) 0.008 -0.046
(0.014) (0.047)

% of counterfactual mean 1.81 -0.97
Older schoolmate enrols (2SLS) 0.036 -0.16

(0.048) (0.163)
% of counterfactual mean 7.75 -3.33

Degree-year FE ✓ ✓
Obs. (right) 69,081 69,081
Obs. (left) 55,483 55,483
Counterfactual mean 0.47 4.808
Bandwidth 20.96 20.96
First stage 0.286*** 0.286***

(0.004) (0.004)
First stage F-stat 7,818 7,818

Notes:
Includes degree-year fixed effects. Standard errors clustered at the high school x track-year level. ***, **,
and * indicate significance at 1, 5, and 10%, respectively.
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Table E.4: Older Schoolmate Spillovers on Applications to and Enrollment in Degree
of Marginally Admitted Older Schoolmate - For High School First- and

Second-Ranked Applicant

Applications Enrollment

At least one Number At least one Number

First-ranked Second-ranked First-ranked Second-ranked First-ranked Second-ranked First-ranked Second-ranked

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

Older schoolmate above cutoff (ITT) 0.027** 0.024* 0.091* -0.009 0.007 0.002 0.011 0.003
(0.011) (0.014) (0.055) (0.065) (0.007) (0.009) (0.01) (0.013)

% of counterfactual mean 5.12 4.52 6.19 -0.58 7 1.52 8.75 2.27
Older schoolmate enrols (2SLS) 0.1** 0.123* 0.334 0.008 0.025 0.017 0.039 0.026

(0.042) (0.069) (0.205) (0.331) (0.026) (0.045) (0.038) (0.066)
% of counterfactual mean 19.15 23.28 22.65 0.48 25.55 14.39 31.54 17.51

College-major-year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Obs. (right) 26,798 15,182 26,798 15,182 26,798 15,182 26,798 15,182
Obs. (left) 20,483 23,441 20,483 23,441 20,483 23,441 20,483 23,441
Counterfactual mean [-5,-1] 0.523 0.53 1.476 1.592 0.096 0.115 0.124 0.151
Bandwidth 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96
First stage 0.27*** 0.195*** 0.27*** 0.195*** 0.27*** 0.195*** 0.27*** 0.195***

(0.008) (0.012) (0.008) (0.012) (0.008) (0.012) (0.008) (0.012)
First stage F-stat 2,144 581 2,144 581 2,144 581 2,144 581

Notes:
Includes college-major-year fixed effects. Standard errors clustered at the high school-year level. ***, **, and * indicate significance at 1, 5, and 10%, respectively.
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Table E.5: Homophily/Role Model Regression Results by Student Characteristics

Gender Socieconomic Status Academic

Girl Boy Very high SES Low SES Above median Below median

At least one Number At least one Number At least one Number At least one Number At least one Number At least one Number
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Older schoolmate above cutoff (ITT) 0.002 0.01 0.005* 0.002 0.002 0.001 0.003 0.008 0.004 0.01 0.011*** 0.013
(0.003) (0.011) (0.003) (0.008) (0.005) (0.009) (0.003) (0.007) (0.004) (0.009) (0.003) (0.011)

% of counterfactual mean 0.96 2.24 2.98 0.42 1.29 0.25 2 3.66 2.12 2.53 5.55 3.34

Older schoolmate above cutoff
× same characteristics as older schoolmate 0.013** 0.031* 0 0.021 0.009 0.02 0.009 0.022 0.006 0.014 0.003 0.022

(0.005) (0.017) (0.005) (0.017) (0.006) (0.014) (0.007) (0.017) (0.005) (0.015) (0.005) (0.016)
% of counterfactual mean 6.42 7.01 0 5.44 6.31 8.56 7.24 9.76 3.03 3.62 1.6 5.56

Degree-year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Observations (right) 186,960 186,960 188,020 188,020 100,988 100,988 99,679 99,679 189,361 189,361 189,361 189,361
Observations (left) 183,743 183,743 184,666 184,666 100,108 100,108 98,595 98,595 186,205 186,205 186,205 186,205
Counterfactual mean 0.2 0.438 0.183 0.381 0.136 0.234 0.126 0.223 0.189 0.388 0.194 0.394
Bandwidth 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96 20.96

Notes:
Includes degree-year fixed effects. Standard errors clustered at the high school x track-year level. ***, **, and * indicate significance at 1, 5, and 10%, respectively.

23


	Introduction
	Institutional Background and Data
	Institutional Background
	Data
	Admission Cutoffs

	Empirical Strategy
	Running Variable
	Estimation Sample
	Empirical Specification
	Identifying Assumptions

	Main Results
	Older Schoolmate Spillovers on Applications and Enrollment
	Robustness
	Older Schoolmate Spillovers Persist Over Time
	Older Schoolmate Spillovers on HE Institution, Field of Study and Similar Degrees

	Heterogeneity
	Student Characteristics
	High School Characteristics
	Degree Characteristics
	Interaction Between High School and Degrees Characteristics

	Mechanisms
	Teacher Influence
	Student Homophily/Role Model

	Implications of Older Schoolmate Spillovers
	Discussion and Policy Implications
	Conclusion
	Institutional Background: Additional Details
	Access to Higher Education
	Types of Higher Education Programs
	Cost of Higher Education
	Admission Post-Bac (APB)

	Spillover effects and older schoolmates' experience
	Robustness Checks
	Appendix Figures
	Appendix Tables

