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Using the universe of high school and college admissions data in Croatia, we geo-
coded nearly half a million students’ residential addresses to investigate how their 
college and major choices are influenced by older neighbors and peers. Using an 
RDD to exploit time and program variation in admission cutoffs, we find that ha-
ving an older neighbor who was admitted to and enrolled in a program increases 
a student’s probability of applying to the program by about 20%. We find that this 
effect consistently holds only for the closest neighbors, both in terms of distance 
and age difference. Female students are more likely to be influenced by older 
neighbors’ choices, and male older neighbors’ admission has a larger impact on 
both male and female students compared to female older neighbors. The effect is 
stronger if the student-neighbor pair lives in a region that does not have its own 
university, implying that the value of information in rural areas is higher. We find 
evidence that students don’t follow their older neighbors to less competitive pro-
grams; instead, they are more likely to apply for the same programs their older 
neighbors were admitted to when the program is more prestigious. Next, we uti-
lize the variation in weight scheme of Croatia’s college study programs to show 
evidence, beyond college choices, of how older neighbors affect the human capital 
formation of their younger peers. The main channel through which we observe this 
effect is during high school, through specialization in the subjects needed to gain 
admittance to older neighbors’ college programs. These findings shed light on the 
intricate dynamics shaping educational decisions and underscores the significant 
role older neighbors play in guiding younger peers toward specific academic path- 
ways.

Keywords: college-major choice, human capital accumulation, neighbors, peer effects
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1 Introduction

Choosing a field of study and college is a key life decision that influences one’s lifelong
earnings trajectory. The share of individuals going to university is quite unequally dis-
tributed and is lower among disadvantaged students. High-achieving students who are
low income are less likely to opt for ambitious education paths, despite the high returns
of education (Hoxby and Avery 2013). Even among those students who decide to apply
for college, the likelihood of whether they will apply to prestigious colleges and renowned
study programs differs along the distribution of socioeconomic background. It does not
only matter if you study, but also what and where you study, as there is such a large
variation in long-run outcomes, such as earnings, both between top and less attractive
universities as well as between study fields and major choices (Altonji et al. 2012; Altonji
et al. 2016; Kirkeboen et al. 2016). Part of this mismatch can be attributed to unequal
starting points for children, in terms of both institutional settings and the quality of
information available within their close networks.

Equality of opportunity is a key topic in the literature on education. We can agree
that individuals from different neighborhoods and backgrounds should have access to equal
education opportunities; but in many countries and regions, even across the developed
world, this is still not the case. It matters where you come from, even if, in theory,
the options are the same. It has been shown that exposure to better neighborhoods
increases college attendance, among the set of other long-run outcomes (Chetty et al.
2016). Still, the underlying mechanisms of this effect are unclear, due a lack of quality
data and identification strategies. Historically, following (Angrist 2014), peer effects have
been difficult to identify causally. For a better understanding of these mechanisms, it
is crucial to disentangle neighborhood-level institutional factors, such as school quality,
from neighborhood factors that occur at the individual level, such as peers. An important
question arises: What part of the variation is explained by institutional factors, such as
access to better education facilities, and what part is due to better peer effects? Our
focus is on the latter.

In this study, we investigate neighbor spillovers on specific college × major choices. Us-
ing a regression discontinuity design to estimate neighbor effects on college major choices,
we provide causal evidence that older neighbors’ enrollment in a specific program has a
spillover effect on younger students’ decisions. We use a unique micro dataset, taken from
a centralized system that contains information on Croatian students’ high school history
and college applications.

We find that older neighbors’ enrollment in a particular program increases the younger
neighbor’s probability, evaluated at the sample mean, to apply for the same program—as
their first preference by 23%, as one of their top three by 13-15%, and to apply to the
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program at all by 14%. We further disentangle the possible mechanisms of the effect,
first finding that younger female students seem to be influenced more strongly than male
students by an older neighbor’s enrollment in a program, and that older male neighbors
seem to have a stronger influence than female ones on younger students. Next, we find
that students who live in cities without a university see a 37% increase in the probability,
evaluated at the sample mean, that they will apply for a program their older neighbor
is enrolled in, while for students living near a university there is no significant effect.
This finding suggests a higher value of access to information in rural areas; whether this
is through an aspiration effect or a purer information channel is still an open question.
Finally, we find that younger neighbors follow their older neighbors to elite programs or
programs with the highest enrollment requirements. The last two findings suggest that the
scarcity of information in rural areas matters, and that it matters even more if students
can observe an older neighbor who has managed to enroll in an elite program.

Next, we utilize the variation in study program weight schemes across Croatia’s college
system to identify the causal effect of older neighbors’ admission to college programs on
their younger neighbors’ human capital formation. College study programs in Croatia
place a lot of weight on applicants’ grades in subjects connected to the field of study;
for instance, a physics study program would prioritize applicants’ high school and state
exam grades in physics. We use a difference-in-difference approach, using highly weighted
high school subjects for the older neighbors’ admitted program as a treatment group and
no-weight high school subjects as a control group, to identify the causal effect. We find a
strong and positive effect through numerous robustness checks. After an older neighbor
peer gets admitted to a particular study program, younger neighbor peers tend to increase
their grades in subjects needed to get into that particular college program relatively more
than they do for the rest of the control group subjects. The effect becomes stronger as
the share of the weight placed on that particular subject in admissions increases. These
interesting results show not only the effects older neighbors’ college choices have on their
younger peers; they also highlight heretofore unexplored mechanisms of the effect. We
show that younger neighbor peers research application requirements and the importance
of grades in relevant subjects in order to increase their probability of admission to older
neighbors’ college programs. Furthermore, there is evidence of the aspiration effect for
younger neighbors because they invest relatively more time in subjects which would in-
crease their likelihood of admission to their older neighbors’ study program; however, it
was not possible to disentangle the extent to which this information channel operates
directly or indirectly.

Finally, we contribute to the literature by providing additional evidence of direct
exposure between neighbor-peers. Given that big administrative datasets like this that
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encompass entire countries can have data at a detailed level, the neighbor-peer effects
are measured as a Euclidean distance between the place of residence of two neighbors;
we do not have data on direct interactions between neighbor-peer pairs. We bridge that
gap by providing an additional measure of direct exposure between peers through social
groups. We use a unique dataset on a universe of in-school and extracurricular activities
for all students in Croatia for the observed period, through which we are able to identify
neighbor peer pairs who also participated in the same social activities. Although we find
a significant negative effect for sports activities, overall we find no enhancing effect of
additional neighbor-peer interaction through different social activities. We highlight our
data limitations on social activities in large administrative datasets and lay ground for
future work on direct neighbor-peer interactions.

From a policy perspective, these findings can shed light on on human capital formation
and how it is impacted by the college choices older neighbors have. In particular, they
highlight the importance of sharing admissions information in rural areas, which are
usually underrepresented in college graduation rates, especially in elite programs. To our
knowledge, this is the first study to investigate individual non-family spillover effects on
specific college major choices and human capital formation in a large-scale setting, while
providing additional evidence on the effects of direct neighbor-peer interactions and the
main mechanism of this effect—younger students’ efforts to learn more about the subject
weights and grades required to gain admission.

2 Literature Review

The returns of pursuing an education can vary widely depending on the context (Ashen-
felter and Mooney 1968; Angrist and Krueger 1991; Angrist and Krueger 1992; Angrist
and Krueger 1995; Angrist and Krueger 1994). In today’s globalized world, earning a
college diploma can have a profound influence on an individual’s welfare. Interventions
and mentoring can improve one’s college applications and attendance levels down the road
(Carrell and Sacerdote 2017; Peter and Zambre 2017), and can also change one’s likeli-
hood to focus on a certain field of study (Breda et al. 2021). In contrast, one might choose
a less ambitious education path if they have asymmetric information, underestimate the
effects of a diploma on their own future labor market value, or have lower aspirations
due to a lack of role models in their social network. But apart from the positive impact
on the individual, educational interventions can have positive spillovers on others in an
individual’s family or social network as well (Carlana et al. 2022). To better target poli-
cies, then, it is beneficial to understand how and where these positive spillover effects
work. We show that neighbor spillover effects on specific study program choices indeed
exist. Despite being less pronounced than sibling spillovers, they do matter for certain
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subgroups.
Our study contributes to several strands of literature. Primarily, it contributes to an

increasing literature on how the quality of neighborhoods shape children’s educational
outcomes (Brooks-Gunn et al. 1993; Ellen and Turner 1997; Jencks, Mayer, et al. 1990;
Abdulkadiroğlu et al. 2014). Neighborhoods matter for several reasons. Chyn and Katz
(2021) provide empirical evidence of the strong correlation of neighborhood quality and
different labor market and educational outcomes for adults and children and discuss the
mechanisms by which adults and children might be influenced in different neighborhoods.
For children, the institutional setting of a neighborhood in regard to schooling possibilities,
especially in regard to the quality of schools, can provide vastly different opportunities
for their educational trajectory. Quality schools not only contribute to an increase in
educational attainment, but they can offer students higher improvement in non-cognitive
skills, as well as better teachers and mentoring resources. Apart from these mechanisms,
which work mainly through the institutional settings of schools, another mechanism that
might influence educational trajectories is the quality of peers, both in school and in one’s
neighborhood.

Even with overwhelming evidence of neighborhood effects, there is still the question
of how to causally interpret these findings. A set of recent experimental and quasi-
experimental studies provides further evidence of the impact of better neighborhoods on
children. In their seminal work, Chetty et al. (2016) exploit data from the Moving to
Opportunity (MTO) experiment, where randomly selected families were offered vouchers
to move to lower-poverty neighborhoods. They find positive effects of moving to a better
neighborhood on students’ likelihood of attending college and on future earnings for chil-
dren under the age of 13. For adolescents, they show small negative effects, which they
explain through disruption effects. Nakamura et al. (2022) find further evidence for the
positive impact of moving for young people on lifetime earnings and education in line with
Chetty et al. (2016), using data on families’ forced migration after a volcanic eruption in
Iceland. In a quasi-experimental setting using data on families moving across commuting
zones and counties, Chetty and Hendren (2018a) and Chetty and Hendren (2018b) show
that the length of exposure to a better neighborhood matters for children’s long-term
outcomes. They find significant effects on earnings, college attendance, and other family-
related patterns increasing with each year of exposure. We contribute to this literature
by showing that part of the neighborhood effect on higher education outcomes can indeed
be attributed to individual neighbor peer effects.

Our study also contributes to the literature on peer effects on education. The main
challenge in identifying peer effects is the causal interpretation of correlated behavior in
groups (Manski 1993; Manski 1995). The majority of the literature studies peer effects

4



on education choices and outcomes solely through family and sibling spillovers (Altmejd
et al. 2021; Joensen and Nielsen 2018; Qureshi 2018). There are two main reasons for a
such a methodological approach. The first is that we are certain that siblings interact,
so the exposure and connection is already identified. The second is that the direction of
causality is clear: One can assume that, in terms of educational choices and spillovers,
older siblings influence younger ones. However, there is generally a lack of data to properly
identify exposure to other non-family peers.

Estrada et al. (2021) investigate the impact of older cohorts’ admission rates to elite
schools on the application, admission, and school performance of younger cohorts in their
respective home school. They find that older students’ admission to elite schools increases
the probability that younger peers will apply and get admitted to these schools among
groups whose parents have a lower education background. However, the effect in this
school admission system is hard to disentangle. Aggregated at school level, the result
cannot be interpreted solely as a "peer effect." Other underlying channels might include
social peer effects, quality of teacher effects, and general school effects. Using data from
an admissions lottery for oversubscribed study programs in the Netherlands, Avdeev et al.
(2024) explore educational spillovers of siblings, cousins, and neighbors on their younger
counterparts. They find substantial family spillover effects and, to a lesser extent, neighbor
spillovers. This is in contrast to the findings in Altmejd et al. (2021), where siblings do
tend to follow the same college or college-major combination but not generally the same
major; the authors explain the difference in findings due to small differences between the
quality of universities in the Netherlands. Their setting differs from ours in that Dutch
students use a field-of-study-wide lottery for admission, meaning that if a student does not
get in, they have to choose a different field. In contrast, Croatia uses a program (college
× major) admission threshold, so we concentrate on these more granular choice-specific
spillovers, which include choices on both field and place of study.

The closest to our study is Barrios-Fernández (2022). He finds that having a close
neighbor who was admitted to a university and eligible for student loans increases stu-
dents’ probability of enrolling in a university by 10 percentage points. This effect decreases
with distance. Unlike his setting, which uses a RDD around financial loan eligibility to
assess impact on the closest neighbors, our study uses a RDD setting around college pro-
gram quotas as an instrument for enrollment status. This distinguishes the mechanisms
of the effects in our study; Barrios-Fernández (2022) sheds light on how financial aid
information from older neighbors influences college enrollment, but in our setting the in-
formation channel is broader, because attending public colleges in Croatia is free. Thus,
the information we observe might be more related to things that vary by program—for
instance, quality of teachers, study plan or curriculum, or simply broadening the set of
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opportunities which prior didn’t seem feasible.

3 Data

Our data consists of four main parts: college, high school, neighbor, and social activities
data.

The college data is taken from the official registry of the Agency for Science and Higher
Education in Croatia.1 It contains the universe of students applying to colleges from 2010
to 2015. Every private or public college/university in Croatia is included in this system.
For every applicant, we observe the list of college programs, ranking of every program,
and which college program they ultimately enrolled in. For every school year, we also
observe program quotas, which allows us to calculate year-program specific cutoffs.

The high school and elementary school data is taken from the official registry of the
Ministry of Science in Croatia. It contains the universe of high school and elementary
grades for all students in Croatia from 2008 to 2015. For every student and for every
school year, we observe: residence address, grades for every subject, yearly GPA, and
number of justified and unjustified absences. We also observe the identity of the head
teacher for every classroom and school/classroom identifiers.

To obtain neighbor network data, we geocoded close to 500,000 residence addresses of
individuals, see Figure 1. For every individual, we identified the three closest neighbors,
via Euclidean distance, out of the pool of addresses of individuals that attended the same
high school. We only include student-neighbor pairs where the distance between homes is
below 10km. Besides distance in meters, we also divided neighbors into three additional
groups, from one to three years difference in school years. In the end, our matrix of
neighbors has two dimensions: distance between residence and years difference in school
cohorts. This creates a 3x3 matrix, which we use in different specifications throughout
the paper. The reason for using such a matrix is to test whether the magnitude of the
effect changes with the increase of neighbor distance or age difference. Figure 2 shows the
distribution of distance for the first, second, and third neighbor of the student neighbor
pairs that are one year apart. Most neighbors live in within 2,000m proximity, and the
first, second, and third neighbors live an average of 1.07km, 1.57km and 1.90km apart,
respectively.

Finally, we obtain data on social activities from the official registry of the Ministry of
Science in Croatia as well, for the same time span of the educational data, to show us
information on within and outside-of-school activities for the universe of students.

1Administrative data from the central applications office (NISpVU) and the Agency for Science and
Higher Education (ASHE).
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Figure 1: Geo-coded Residential Addresses of Students (2010-2015)

Note: X-axis shows the longitude, y-axis shows latitude. Blue dots are residential addresses of
students. Grey areas show county level population density per 1000.

4 Empirical Strategy

In this section, we provide the historical setting underlying the specification of our regres-
sion discontinuity design and placebo tests.

4.1 The Centralized Application System

The centralized college application in Croatia was created in 2010. The main goals of
moving from a decentralized to a centralized system were to increase transparency, re-
move information asymmetries across different universities, and offer applicants real-time
information on their enrollment status. Prior to 2010, the biggest problem with Croa-
tia’s higher education system was the lack of transparency in college admissions. Students
could compete for several positions at several universities, and in the end, could only enroll
in one program. This created large problems with under-supply of some and over-supply
of other set of programs.

The centralized application system is an online platform offering each applicant a
unique portal. All relevant program information is easily accessible: quota, program in-
formation, tuition (if applicable), points system, etc. Each applicant can choose up to 10
programs from the hundreds offered in a given school year. They list their selected pro-
grams in preference order from 1st to 10th. Based on their high school grades, state exam
points, international competition, disability status, etc,. they receive program specific
points, a weighted sum of the previously mentioned components. One applicant might
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Figure 2: Neighbor Distance 1 year gap
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Note: X-axis shows the distance between student and older neighbor in 1000m, y-axis shows the
percentage share of observations per distance bin.

have different points for different programs based on the weights each program have de-
cided to assign, as universities have complete autonomy in deciding weight structures for
their programs.

For the observed time period, 2010 to 2015, the average cohort size was between
35,000 and 45,000 applicants, and the number of available college programs ranged from
700 to 900. The system had a 4- to 5-day window in which the final points rankings are
announced. The rankings update every hour, and during these 4 to 5 days, applicants can
change their selected college programs or how they rank them. The system is a repeated
deferred acceptance algorithm, where individuals are only accepted to their highest ranked
preference for which they had more points than the program cutoff points.

Final assignments cannot be changed; students have an option to decline their college
program match, but that would mean they need to wait until the next year to apply and,
at that point, would need to pay full tuition. The magnitude of costs they would incur
for tuition was from 3 to 5 average Croatian yearly salaries, so they are incentivized to
accept their assignment on the first attempt.
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4.2 Regression Discontinuity Design

We use the universe of high school and college admission data in Croatia from 2010 to
2015, exploiting time and program variation in college cutoffs to create an RDD that
examines causal estimates: comparing the impact on college-major choices of students
where older neighbors got into a program to those whose older neighbors nearly missed
the quota (following Altmejd et al. 2021). The centralized college admission system in
Croatia has about 700 to 800 programs and quotas per year, and about 75% of programs
end up oversubscribed, which allows us to identify older neighbor-students around the
cutoff.

We identify neighbors by calculating Euclidean distances between students’ home ad-
dresses. For every student, we calculate the distance to closest three neighbors attending
the same high school, in order to observe more variety in exposure to older neighbors. Our
aim is also to test whether having a more distant neighbor implies having less exposure
to him/her.

Figure 3: Admission score, admission probability and enrollment probability
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Note: X-axis shows the deviation from the admission score needed to get admitted to the program.
Y-axis on the left: student got admitted =1, Y-axis on the right: Student enrolled after admission
=1.

Figure 3 shows the admission and enrollment probabilities of older neighbors in our
dataset. Students apply to up to 10 programs and must rank their choices. They will
only get admitted to one program, and admissions rankings for each program are strictly
computed according to high school grades and centralized state exam results. The final
number of points needed to get admitted to a certain program—i.e., the cutoff point—is
unknown by students during the application process. Students above the cutoff have a
100% probability of getting admitted to a given program and enroll with a probability of
roughly 95%. As implied earlier, most students accept their assigned study program, as
they lose their admission fee waiver otherwise.
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Table 1: Student Characteristics, Full Sample and Bandwidth Samples: Above and Below the Cutoff

(1) (2) (3)
All Above Below

mean sd mean sd mean sd

Panel (a): Full sample

Female Students 0.571 0.495 0.573 0.495 0.568 0.495
Female Neighbors 0.608 0.488 0.588 0.492 0.635 0.482
Student lives in city with University/College 0.555 0.497 0.554 0.497 0.556 0.497
Student-Neighbor pairs has same gender 0.591 0.492 0.584 0.493 0.601 0.490
Distance in 1000m 1.544 1.987 1.493 1.952 1.609 2.030
Total_points 635.693 239.010 647.004 252.583 621.061 219.352
Observations 421235 237575 183660

mean sd mean sd mean sd

Panel (b): 50 points +/- cutoff

Female Students 0.574 0.494 0.579 0.494 0.568 0.495
Female Neighbors 0.627 0.484 0.622 0.485 0.634 0.482
Student lives in city with University/College 0.554 0.497 0.553 0.497 0.556 0.497
Student-Neighbor pairs has same gender 0.594 0.491 0.593 0.491 0.595 0.491
Distance in 1000m 1.532 1.977 1.518 1.958 1.551 2.002
Total_points 634.390 223.434 636.187 217.469 631.848 231.461
Observations 195950 114162 81815

mean sd mean sd mean sd

Panel (c): 10 % of points +/- the cutoff

Female Students 0.579 0.494 0.583 0.493 0.573 0.495
Female Neighbors 0.638 0.481 0.631 0.482 0.647 0.478
Student lives in city with University/College 0.558 0.497 0.557 0.497 0.559 0.496
Student-Neighbor pairs has same gender 0.592 0.491 0.589 0.492 0.595 0.491
Distance in 1000m 1.518 1.970 1.499 1.950 1.541 1.994
Total_points 638.255 232.073 642.065 229.641 633.420 235.034
Observations 226329 126582 99747

Note: Sub-samples above and below the admission cutoff for different bandwidths are shown. Includes the full sample for
1st to 3rd neighbor and age difference of 1-3 years.

In the full sample, we include student-neighbor pairs with an age difference of one
to three years and identify the first, second, and third closest neighbor of each student
for each year gap. Table 1 shows the descriptive statistics of the main characteristics
of students in the dataset. Panel (a) shows student characteristics for the full sample,
panel (b) and (c) show the sub-samples where the older neighbor’s application score was
50 points or 10% of the total score below or above the admission score cutoff. For each
panel, column (1) shows descriptive statistics for all observations in the sub-sample and
columns (2) and (3) show the same but limited to above or below the admission cutoff
respectively. Our sample consists of 57.1 % female students and 60.8% female neighbors.
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55.5 % of these student-neighbor pairs live in a city or region with direct university or
college access at the time of applying to university. 59.1 % of the sample consists of
pairs of the same gender. The average distance between the younger students’ and older
neighbors’ home addresses is 1.54 km. Our distance measure is broader than that of
Barrios-Fernández (2022), where the average distance to the closest neighbor is 0.09 km.
Due to challenges during the geocoding process for rural regions, that study concentrated
on the three largest metropolitan areas in Chile, while our study concentrates on the
universe of students throughout Croatia.

Figure 4: Student Characteristics
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Note: Graphs show binned scatter plots for the first neighbor 1 year gap sample, only including
observations where the application score is 10% above or below the cutoff. X-axis shows the deviation
from the admission score required for admission to the program. Y-axis on the left depicts the
respective independent variable of the student. Plots from left to right display in the first row
the student gender (female==1) and gender composition of the student-neighbor pair (=1 if of
the same gender), second row University city status (=1 if the pair lives in a city that has direct
college/university access and distance (in km). In the third row plots for total points of the younger
student and GPA for math and Croatian GPA re shown.
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Figure 5: Student Characteristics - Coefficients
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Note: These graphs display coefficients of regressions testing for significant jumps around the cutoff
for variables plotted in Figure 4. The left graph shows coefficients for the probability of student-
neighbor pairs to be of the same gender, the student’s gender, the student living in a city with direct
university access, and the distance between neighbors. The right graph shows the coefficient testing
for difference between total application points and high school GPA above and below the admission
cutoff.

When comparing the sub-samples above and below the admission cutoff, we do not
see any significant differences between these characteristics, except for the difference in
total application points of younger students around the cutoff. We therefore investigate
possible jumps of the independent variables closer to the cutoff. Figure 4 shows binned
scatter plots for student characteristics. We do not see any systematic jumps. Figure
5 shows coefficients when testing for the significance of possible jumps in a regression
setting. Estimations follow the strategy described in Section 4.3 when using student
characteristics as the dependent variable instead of the outcome of interest, students
applying to the same program.

Our main outcome of interest is to see whether the younger student applies for the same
college × major combination (program) as the older neighbor as a) their first preference,
b) their first to third preference, or c) any preference. Most students, around 85%, get
an offer from one of their first three preferences. That is why we specifically focus on the
results for dependent variable b), applying to their neighbor’s first to third preference.
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Figure 6: Density plots for neighbours across residence distance and age difference
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Notes: Density plots for 3 x 3 matrix - first to third neighbor and 1 to 3 year gap sub-samples

Finally, in our specifications we focus on different subsets of neighbors, either by
distance in residence or distance in age cohorts. For distance in residence, we focus on
the three closest neighbors, and for the age difference, on groups from one to three years
apart. Density plots 6 shows no systematic jumps at 0.

4.3 Econometric Specification

To investigate the reduced form effect of an older neighbor’s admission to a program on
the preference set of a younger student, following Altmejd et al. (2021), we run regressions
as specified by

ρicmt = β × abovecutofficmt−n + f(αicmt−n; θ) + µcmt−n + ϵicmt (1)

where ρicmt signifies whether a student from student-neighbor pair i applies to the same
college c and major m choice in application year t as his or her neighbor in t−n. We include
college × major fixed effect µ and thereby only compare students application probabilities
whose neighbors applied for the same program. ϵicmtis the error term. abovecutofficmt−n

is a binary variable equal to 1 if the neighbor’s application score αicm in year t − n is
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larger or equal to the necessary admission score s for the college × major combination
cm in the same year, and 0 otherwise.

abovecutofficmt−n =

 1, αicmt−n ≥ scmt−n

0, αicmt−n < scmt−n

(2)

f(αicmt−n; θ) is a linear function of the application score of the older neighbor of the
applicant-neighbor pair i for major-college choice in year t − n:

f(αicmt−n; θ) = θ0αicmt−n + θ1αicmt−n × 1[αicmt−n > sicmt−n] (3)

which allows different slopes on both sides of the admission cutoff. To identify the effect
of enrollment, we instrument the older student’s enrollment (enrollmentimct−n) with the
admission outcome (abovecutofficmt−n) of the college × major choice in a fuzzy RD setting.

4.4 Placebo Test

We also conducted a placebo test. The direction of causality in our identification strategy
is clear: college choices of older neighbors affect college choices of younger peers. In
order to placebo-test our hypothesis, we reversed the order— i.e., we tested whether
the college choices of younger neighbors affect the college choices of older neighbors.
In all of our specifications, we find no significant estimates. Table 2 shows detailed
results with regressions including control variables for all outcome variables for the first
neighbor and one-year age gap. Corresponding tables for the second and third neighbor
are shown in the Appendix A, Tables 7 and 8. For an consistent overview, Figure 7
shows coefficients of testing whether younger students’ enrollment had an effect on older
neighbors’ choices for the first, second, and third closest neighbors for all three variants of
the dependent variable investigated, with and without control variables. All coefficients
are consistently statistically insignificant for all specifications using both the data-driven
bandwidth (columns 2 and 5) and the bandwidth relative to the admission score (columns
3 and 6).
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Table 2: Placebo test: Closest Neighbor and 1 Year Age Gap
Neighbor admitted Neighbor enrolled (fuzzy)

(1) (2) (3) (4) (5) (6)
Rdrobust OLS BW select OLS BW 10% Rdrobust IV BW select IV

Panel (a): Applying same program as 1st choice
Robust 0.0062 0.0068

(0.004) (0.004)
Neighbor admitted 0.0025 0.0008

(0.003) (0.003)
Neighbor enrolled 0.0024 0.0009

(0.004) (0.003)
Student controls YES YES YES YES YES YES
fstage 61981 75354
ymean 0.03 0.03 0.03 0.03 0.03 0.03
BW 55.72 55.72 50.97 50.97
N 59861 32152 34040 59861 29784 34040

Panel (b): Applying same program as 1st - 3rd choice
Robust 0.0121** 0.0130**

(0.006) (0.007)
Neighbor admitted 0.0064 0.0042

(0.005) (0.005)
Neighbor enrolled 0.0060 0.0046

(0.006) (0.005)
Student controls YES YES YES YES YES YES
fstage 62797 75354
ymean 0.07 0.06 0.06 0.07 0.06 0.06
BW 63.89 63.89 52.20 52.20
N 59861 35582 34040 59861 30389 34040

Panel (c): Applying same program any choice
Robust 0.0144** 0.0155**

(0.007) (0.007)
Neighbor admitted 0.0082 0.0040

(0.006) (0.006)
Neighbor enrolled 0.0079 0.0044

(0.006) (0.006)
Student controls YES YES YES YES YES YES
BW 73.01 73.01 70.96 70.96
fstage 79816 75354
ymean 0.12 0.11 0.11 0.12 0.11 0.11
N 59861 37957 34040 59861 37377 34040

Notes: Placebo test examines the effect of a younger student’s admission to and enrollment in a program on older neighbor’s choice set. Columns
(1)-(3) show the reduced-form results for the student’s admission, and columns (4)-(6) for the student’s enrollment. Panels (a)-(c) show results for
dependent variables choosing the same program as 1st preference, 1st-3rd preference, or any preference. Columns (1) and (4) show results for the
rdrobust estimation and the resulting bandwidths. Column (2) and (5) show results of the linear regression using the data driven bandwidths from
the preceding model, Columns (3) and (6) the results when using 10% bandwidths relative to the total admission score per program. All regressions
include college × major and year fixed effects. Standard errors are clustered at student-neighbor pair level. * p < 0.1, ** p < 0.05, *** p < 0.01
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Figure 7: Placebo N1 to N3
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Note: Graphs coefficients of the Placebo regressions (2SLS), 10% bandwidth, N1 to N3 for 1 year
gap, with and without control variables

5 Results

In this section, we provide three sets of results: neighbor proximity effects, the effect on
human capital formation with difference-in-difference approach, and neighbor peer effects
in social groups. The neighbor proximity effect is our basic RDD, well established in the
literature and similar to Altmejd et al. (2021) and Barrios-Fernández (2022). The second
part uses a novel difference-in-difference approach to estimate the neighbor proximity ef-
fect through older neighbors’ college choice on the human capital formation of younger
peers. Finally, our study is the first study to provide evidence of neighbor-peer interac-
tion alongside measurements of proximity of residence. Although we use the universe of
students participating in different types of social activities, we cannot neglect a selection
bias toward social activities in general, and different types of social activities. Thus, we
provide the RDD results for a sample of neighbor peer pairs who also participated in the
same social activities.
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5.1 Neighbor Proximity Effects

Figure 8 shows binned scatter plots with the mean of the respective variable conditional
on the deviation of older neighbors’ application scores from the admission scores and 95%
confidence bands. For each of the variables, we see a significant jump in the probability
of applying for the same program if an older neighbor got accepted to the program.
Evaluated at the sample mean, this gap is most considerable for the probability of applying
to that program as a first preference. This is descriptive evidence using the full sample,
for all neighbors and all year gaps, and not controlling for student characteristics. We
see that the share of students applying for the same program is constant if the older
neighbor had an application score below the admission cutoff, and is significantly higher
if the older neighbor got admitted. For student-neighbor pairs where the older neighbor
got admitted to a program, the probability that the younger student applies to the same
program increases with the application score.

In our main analysis, we concentrate on the sub-sample of student-neighbor pairs of
only the closest neighbor and one cohort (T −1 to T ) apart.2 Table 3 shows results for the
reduced form (effect of admission, columns 1-3) and for the effect of the older neighbor’s
enrollment (columns 4-6). For each model, we start by running a regression with rdrobust
(column 1 and 4) to identify an optimal data-driven bandwidth using a common MSE-
optimal bandwidth selector for the RD treatment effect estimator (following Calonico
et al. 2014). We then run, for each specification, the linear regression using the data-
driven bandwidth and an additional bandwidth relative to the admission score (10% of
the admission score left and right of the cutoff), reported in columns 2-3 and 5-6. Panel (a)
reports results on the younger student’s application decision for the first preference, Panel
(b) for the first to third preference, and Panel (c) for applying to any preference. The
effect of the older neighbor’s enrollment is consistently larger. Having a one-year-older
closest neighbor who enrolled in a program increases the younger students’ probability of
applying for the same program as their first preference by 0.7 percentage points, applying
as one of the first three preferences by 0.8–1.0 percentage points, and applying at all by
1.3–1.5 percentage points. Evaluated at the sample mean, the probability of applying
for the same program increases by 23% as a first preference, by 13–15% as a top-three
preference, and 14% for applying to the program at all.3

2We run several specifications also for the second and third closest neighbors and (T − 2), (T − 3)
but only find persistent and significant effects for the closest neighbors and (T − 1). Graphs showing
resulting coefficients of the IV estimations are shown in the Appendix, Figure 17 and 18

3We also run the same regressions including the set of student characteristics as controls and results
are robust, the magnitude of the coefficients only varies maximum by 0.01.
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Table 3: Main Results: Closest Neighbor and 1 Year Age Gap
Neighbor admitted Neighbor enrolled (fuzzy)

(1) (2) (3) (4) (5) (6)
Rdrobust OLS BW select OLS BW 10% Rdrobust IV BW select IV

Panel (a): Applying for the same program as 1st choice

Robust 0.0115*** 0.0110**
(0.004) (0.005)

Neighbor admitted 0.0060* 0.0066**
(0.003) (0.003)

Neighbor enrolled 0.0072* 0.0073**
(0.004) (0.004)

BW 70.92 70.92 57.83 57.83
ymean 0.035 0.032 0.030 0.035 0.031 0.030
fstage 59170 67529
N 65383 39598 35725 65383 34318 35725

Panel (b): Applying for the same program as 1st - 3rd choice

Robust 0.0163*** 0.0161**
(0.005) (0.006)

Neighbor admitted 0.0082** 0.0077*
(0.004) (0.005)

Neighbor enrolled 0.0101* 0.0085*
(0.005) (0.005)

BW 86.85 86.85 57.25 57.25
ymean 0.070 0.066 0.063 0.070 0.065 0.063
fstage 58822 67529
N 65383 45041 35725 65383 34006 35725

Panel (c): Applying for the same program, any choice (1-10)

Robust 0.0251*** 0.0281***
(0.007) (0.008)

Neighbor admitted 0.0126** 0.0113**
(0.005) (0.006)

Neighbor enrolled 0.0135** 0.0125**
(0.007) (0.006)

BW 76.75 76.75 55.43 55.43
ymean 0.105 0.099 0.095 0.105 0.097 0.095
fstage 57311 67529
N 65383 41799 35725 65383 33182 35725

Notes: Columns (1)-(3) show the reduced form results for the neighbor’s admission, columns (4)-(6) for the
neighbor’s enrollment. Panels (a)-(c) show results for dependent variables choosing the same program as
1st preference, as 1st-3rd preference, or any preference. Columns (1) and (4) show results for the rdrobust
estimation and the resulting bandwidths. Column (2) and (5) show results of the linear regression using
the data driven bandwidths from the preceding model, Columns (3) and (6) the results when using 10%
bandwidths relative to the total admission score per program. All regressions include college × major and
year fixed effects. Standard errors are clustered at student-neighbor pair level. * p < 0.1, ** p < 0.05, ***
p < 0.01
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Figure 8: Students Following Older Neighbors
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Note: Graphs show means and 95% confidence bands of dependent variables conditional on the
deviation of the neighbor’s application score from the admission score (x axis). Y axis of the upper
left graph depicts the share of younger students applying for the same college-major combination as
the older neighbor as a first preference; the upper right graph shows the same for the younger student
applying to the same program as first to third preference; and the lower graph shows the same for
the younger student applying to the same program as any preference.

5.1.1 Gender Differences

In the next step, we investigate which subgroups drive these results. As most students
get accepted to one of the first three preferences they note in the application process, we
focus on the results that show the effect of older neighbors enrollment in the program
on the younger student’s probability to apply to that program as their first, second, or
third preference. Figure 9 shows results separately for student and neighbor gender and
by gender groups. The left graph shows results for sub-samples where either the student
or neighbor are female or male and displays coefficients for the full sample and using a
10% or 20 % bandwidth, respectively. We concentrate on results for the 10% bandwidth,
where older neighbors with application scores just left and right of the cutoff are most
similar.
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Figure 9: Results by gender
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Notes: Results by different gender groups are shown. Displayed are coefficients from the 2SLS
specification of the first neighbor–one year gap sample using different the full sample and a 20% and
10 % bandwidth. All regressions include college × major and year fixed effects. Standard errors are
clustered at student-neighbor pair level.

Younger female students seem to be influenced more strongly than male students by
an older neighbor’s enrollment, and older male neighbors seem to have a stronger influence
than older female ones. This is also seen when comparing specific gender groups; only
the sub group with female students and male neighbors shows a significant effect on
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application probability.4

5.1.2 Rural and Urban Divide

In order to investigate the value of information, we now look at differences in regard to
proximity to a university or college. We identify the students that (during high school)
live in a city or region with direct university access. This can be important for two reasons:
Living in a region with direct university access is also closely correlated with having more
information about those schools in near proximity; and universities are usually situated
in places with a higher population density. One might have visited a nearby college before
or know many people connected to it. Having one close neighbor who went to this school
might not have as significant an impact, because of the abundance of connections and
valuable information. Additionally, for students with strong geographical preferences to
stay close to home, having a university close by would make it much more likely that
they will choose a program there rather than at any other school, independent of their
neighbors’ choices. Figure 10 shows results for students living in a region with a university
(has_uni=1) and without.5 Students living in places nearby universities and colleges do
not follow their closest older neighbors to the same programs, but students with no direct
university access, where the value of information is higher, are more likely to choose the
same program as their neighbors. For those students, having an older neighbor enroll in a
specific program increases their probability of applying for that program by 2.2 percentage
points, which is a 37% increase compared to the sample mean (of this sub-sample).

4Interestingly, these subgroup results differ quite severely when looking at the probability to apply
for first preference or any preference. For the male neighbor- female student pair, the effect on first
preference is very small, but quite considerable on applying for any preference. For the female neighbor-
female student pair we only find a significant effect on applying as first preference, but none on the other
outcomes. One possible explanation here is that part of the male neighbor-female student pair effect
might be driven by a "marriage market effect" based on romantic connections, where in most cases the
male part is the older one of the pair. For the female neighbor - female student pair, having an older
female role model might increase the probability to study exactly the same program and not just any
program which would be geographically closer.

5We identify this variable by matching the place were the student lives when applying to college with
all possible cities that have a university or college. has_uni = 1 for all students where the place of living
matches one of these cities.

21



Figure 10: Results proximity to college
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Notes: Results by difference to university and college proximity are shown, where has_uni = 1
implies that at the time of applying the student lives in a regions with a university or college nearby.
Displayed are coefficients from the 2SLS specification of the first neighbor–one year gap sample using:
the full sample and a 20% and 10 % bandwidth. All regressions include college × major and year
fixed effects. Standard errors are clustered at student-neighbor pair level.

5.1.3 Elite and Non-Elite College Programs

Another point to consider is to which programs students actually follow their neighbors
to. This leads to the question of whether following a neighbor to study the exact same
thing actually seems reasonable. If a student applies to a program solely because their
neighbor did, irrespective of their own skill sets or other intrinsic motivation, it would
hardly seem rational. We therefore identify program groups depending on the admis-
sion score required to get admitted. Programs with high admission scores are of high
demand, which serves as a proxy for "elite" programs of high quality. Figure 11 shows
results by program demand: Q1 represents observations for low-demand programs, where
access and admission is easy. Q2-Q3 are medium-demand programs and Q4 high-demand
programs. The total effect of the full sample seems to be fully driven by high-demand pro-
grams. This can be interpreted as an aspiration effect, where students follow their older
neighbors specifically to elite programs because they might otherwise not have thought it
worthwhile to try. Older neighbors might also share valuable insights for the application
process afterward, which might encourage younger students to apply. Or older neighbors’
might have positive experiences with the program, leading younger students to consider
programs they otherwise wouldn’t have.
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Figure 11: Results by Program Demand
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Notes: Results by difference in program demand are shown. Programs in Q1 are low-demand pro-
grams, Q4 high-demand programs. Displayed are coefficients from the 2SLS specification of the first
neighbor–one year gap sample using different the full sample and a 20% and 10 % bandwidth. All
regressions include college × major and year fixed effects. Standard errors are clustered at student-
neighbor pair level.

5.2 Neighbor Effects on Human Capital Formation

Besides having an effect on college choices, in this section we explore whether older neigh-
bor peers have an effect on the human capital formation of younger peers. We exploit the
variation in weight schemes across study programs in Croatia to investigate the important
mechanisms of this effect. Are younger neighbor peers only affected by the choice of their
older neighbors, or do they also internalize the strategies needed to get into a particular
study program?

In Croatia, universities have the autonomy to decide how to weight the various re-
quirements of their study programs. Figure 12 shows the variation in these weights by
programs for an average school year. The main subjects that contribute to the weight
scheme the most remain stable across years. As visible in Figure 12, the autonomy of
decision-making produces the variation that might shape different application strategies
across individuals, but also educational performance at earlier stages. In this section, we
focus on the latter.
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Figure 12: Variation in Program Weights
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Total application scores by program are the result of a weighting scheme of grades from
subjects in high school, overall GPA in high school, state exam percentage by subject,
winning of international competitions, and in rare cases, an entry exam. Figure 12 shows,
by study program, the weights that the state exam results per subject have on the total
score. In the majority of cases, the weight scheme of a particular study programs is
connected to the subjects needed for successful completion of that program. For instance,
in order to study physics as a study program, the biggest weight is on the high school
or state exam grades from physics or other related subjects, such as math. It is visible
in Figure 12, in blue, that some weights make up up to 60% of the total requirements–
i.e., focusing on just component of the weight scheme can dramatically increase one’s
likelihood of admission to that program. A detailed information set about the college
weight scheme and high school subjects used in our analysis is in Appendix B.

We use a difference-in-difference approach to investigate whether an older neighbor’s
admission to college, besides encouraging younger neighbors to follow them to the same
study programs, might also have an effect on the educational performance of younger
neighbor peers. We focus only on three set of neighbor-student pairs: for all admitted
older neighbors, 10 and 5 percent bandwidths around the cutoff, as in the previous section.
The question here is: If the students are following their older neighbors in terms of college
choices, are they also adjusting their educational performance to increase their likelihood
of admission in the future? To test this, we divide the set of 700 programs by dispersion
of weights: programs placing a big weight on particular subject/s and programs versus
those having more evenly distributed weights. Next, for each neighbor-student pair, we
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focus on the study program to which the older neighbor was accepted. The set of high
school subjects that are included in the weights or are mandatory to pass for successful
application are our treatment group, while the subjects not included in the weight scheme
are our control group—i.e., if the younger neighbor peers are indeed internalizing the
college choices of their older peers, they would potentially also at that point learn more
about the subjects needed to get into that particular study program. Whether they
learn directly from their older peers or the older peers’admission to that particular study
program motivates them to learn more themselves remains an open question. Our event
is the timing of admission of marginally accepted older neighbors, which is orthogonal
to the educational performance of students during high school. We focus only on the
four grades of high school, from 9th to 12th, since there is a very low probability that
students would think about their application to college during elementary school. If the
older neighbor was accepted to a college program while the younger student was in the
10th grade, than we would expect to see the jump in grades in the preceding period, 11th
to 12th grades, for subjects in our treatment group—i.e., the set of subjects that have a
high share in the weight of a older neighbor‘s study program. In this analysis, we focus
only on closest older neighbors, N=1, who got admitted to a study program, not on N=2
and N=3, the next two in terms of distance proximity measure.

In Table 4, we show the difference-in-difference results for N=1 (i.e., the closest neigh-
bor) and T=2 (i.e., two years difference between older and younger neighbor peers).6

This specification allows us to observe two periods before and after the older neighbor got
accepted to a particular study program. In Appendix Tables 9 and 10, we show results
for T=1 and T=3 specifications and elaborate on our results. In column 1, table 4, the
average treatment effect is positive and significant. The difference in means of high school
grades between the treatment and control subjects, before and after the older neighbor
got accepted to a "treated" college program, is 0.048. Thus, within the period after their
older neighbor got admitted to that particular study program, younger neighbor peers in-
crease their grades relatively more for subjects needed to get into older neighbors’ study
programs than for subjects not needed to gain admittance. For study programs where the
aggregated weights of all state exam subjects is low, up to 30% of the total, in column
2 of table 4, we find no effect. As the weight of state exam subjects in a study program
increases, column 3 of table 4, we find a significant and positive effect, almost two times

6For this analysis we exclude grades in both Croatian and Math, as these are the subjects that are
included in most programs as either mandatory to pass or with weights. The fact that these subjects are
important is therefore common knowledge and it is mandatory to take the state exams in these subjects,
and would be falsely included in the treatment group for all students. For further information on subjects
and weights, see Appendix B.
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Table 4: DiD Results for closest neighbor (N=1) and two years gap (T=2)
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

timeT (post treatment = 1) -0.0534*** -0.0318* -0.0705*** -0.0687*** -0.0211**
(0.009) (0.016) (0.020) (0.020) (0.010)

subjT (treated subject = 1) -0.0168 0.0055 -0.0601** -0.0301 -0.0214
(0.013) (0.024) (0.027) (0.024) (0.015)

timeT (=1) × subjT (=1) 0.0485*** 0.0252 0.0754*** 0.0458** 0.0465***
(0.012) (0.023) (0.024) (0.021) (0.014)

N 83404 24560 21680 20777 20541

Notes: Full sample for T2 is comparison for grades of subjects mandatory/ with weights of
the program the older student got admitted to vs grades of other subjects, within student
variation, Q1 means students where weights of the neighbor’s program make up only 30
percent of the total final score, Q4 55 or more percent of final score. * p < 0.1, ** p < 0.05,
*** p < 0.01

higher in the magnitude than the overall average treatment effect. Finally, in column 4
and 5 of table 4, we divide our sample into high- and low-GPA students by quartiles7.
We find a similar effect for both low and high GPA students—i.e., it is not the case
that low-GPA students, who have a bigger possibility for an increase, necessarily utilize
it. Figure 13 depicts our results graphically by time periods before and after the older
neighbor was admitted to a program. T=0 is the end of the younger peer’s school year
in which the older neighbor got admitted to a particular study program. The y axis are
the plotted coefficients from Table 5 column 1. For T=2, we observe a significant and
positive increase for grades in treatment subjects relative to control subjects.

7GPA calculated by student as the mean of all subjects included in the analysis over all 4 years of
high school
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Figure 13: Main specification (T=2) for closest neighbor (N=1)
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Notes: DiD coefficients for the closest neighbor (N=1) with two years’ difference in age. T=0 is the
school year when older neighbor was admitted to a particular college program. College admissions
are in July, while the school year ends in June, so this event happens a month after younger student
has finished 10th grade.

Table 5: DiD coefficients by time periods for T=2
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

t-1 0.0070 0.0223 0.0227 0.0189 -0.0129*
(0.008) (0.019) (0.016) (0.018) (0.008)

t+1 0.0039 0.0124 -0.0140 -0.0359** 0.0029
(0.008) (0.020) (0.016) (0.017) (0.008)

t+2 0.1246*** 0.1257*** 0.1206*** 0.0393* 0.0336***
(0.011) (0.036) (0.021) (0.021) (0.010)

subjT -0.0182 0.0055 -0.0473 -0.0109 -0.0287
(0.015) (0.027) (0.030) (0.027) (0.018)

t-1 × subjT 0.0047 0.0022 -0.0252 -0.0389 0.0151
(0.014) (0.027) (0.028) (0.027) (0.020)

t+1 × subjT 0.0411*** 0.0181 0.0679*** 0.0352 0.0422**
(0.013) (0.026) (0.025) (0.025) (0.018)

t+2 × subjT 0.0568*** 0.0304 0.0570** 0.0148 0.0631***
(0.015) (0.029) (0.028) (0.028) (0.019)

N 83404 24560 21680 20777 20541

Notes: full sample for T2 is comparison for grades of subjects mandatory/ with
weights of the program the older student got admitted to vs. grades of other sub-
jects, within student variation, Q1 means students where weights make up only
30 percent of the total final score, Q4 55 or more percent of final score, subjT=
1 means "treated" subjects important for older neighbors program, treatment
occurs at ttt=1, all regressions include student fixed effects and are clustered at
student x subjT level, including year and subject controls. * p < 0.1, ** p <
0.05, *** p < 0.01
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Table 5 shows the coefficients by time period before and after the older neighbor got
admitted to a study program, relative to the treatment year. In column 1 of table 5, the
biggest relative increase of treatment subject grades to control subject grades was in the
12th grade. As students get closer to college, they increase their grades relatively more.
In column 2, for low aggregated weights by program, we find no effect. In column 3,
for aggregated weights bigger than 55%, we find the biggest increase in the 11th grade.
Finally, in columns 4 and 5, we divide the sample by quartiles of younger peers’ high
school grades. We find, in column 5, that high-GPA students (Q4) have a positive and
significant effect, while low-GPA students (Q1) do not have a significant effect.

In addition to T=2, the closest neighbor-pair year gap of two years, in the Appendix
we provide results on the other two groups, T=1 and T=3, as well as for the closest
neighbors. For T=1, a one-year difference, we find only a small effect on the increase
of the treatment subject grades. One explanation might be that one year is a too short
a period to improve in certain subjects. For T=3, the three year difference, we find a
positive and significant effect only for 12th grade, but no aggregated effect. Similarly, for
T=2 results, as the weights for "treatment subjects" increase, the magnitude of the effect
doubles in the first year after the older neighbor gets admitted. It is important to note
the difference in the interpretation of coefficients between T=1, T=2, and T=3. As the
age gap increases, the tenure at the admitted study program of the older neighbor also
increases. Comparing the estimated joint effect for T=1 and T=3, in terms of information
about the study program experience, varies. Since we cannot distinguish whether this was
a direct or indirect information effect, we cannot disentangle the overall effect. Figure 19
and Tables 9 and 10 provide a detailed set of results. Additionally, the timing of treatment
makes it harder to interpret these results, as for T=1 there is only one post-treatment
year and for T=3 there is only one pre-treatment year.

5.2.1 Robustness and Placebo Analysis

In this section, we provide a variety of robustness checks and placebo analyses, which
largely confirm our initial findings. In the previous section, we provide evidence of the
positive effect of older neighbors’ college admission on younger students‘ human capital
accumulation through specialization in grades. The effect varies depending on the age
difference, having a strong effect only when the two have a two-year age difference, while
effects are smaller or not significant for the one-year and two-year differences. Next, we
look at the variety in the choice sets of both older neighbors and younger students to
better understand what drives this effect.

We run separate regressions by the admitted choice rank of older neighbor. Every
individual can rank up to ten choices on their rank order preference list, and after running
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the deferred acceptance algorithm, the system commits them to enroll in their highest
ranked choice. In Figure 14, for our main specifications, N=1 and T=2, we provide DiD
estimates by choice rank. Only when neighbor got admitted to his/her first-ranked choice
do we find a significant and positive effect. Next, in Figure 15, we divide the neighbors’
admission scores into quantiles—i.e., their rank within their admitted college program.
Interestingly, we find no significant effect when neighbors are at the top or at the bottom
of the distribution, but rather when they are in the middle of the distribution.

Figure 14: DiD by first to fifth choice of neighbor for N=1 and T=2
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Notes: The figure shows DiD coefficients by older neighbor‘s admitted choice rank for our main
specification - closest neighbor (N=1) and two years apart (T=2). X axis are choices from 1st to 5th,
Y axis is the estimated DiD coefficient for that particular subgroup.

Figure 15: N1T2 DiD by quantiles of neighbors admission score
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Notes: The figure shows DiD coefficients by older neighbor‘s admitted choice rank for our main
specification: closest neighbor (N=1) and two years apart (T=2). X axis are the quantiles of rank
distribution to admitted college program of the older neighbor, Y axis is the estimated DiD coefficient
for that particular subgroup.

Finding oneself at the top of the rankings for a particular set of college programs

29



might not be unexpected. Older neighbors with extraordinary grades may have been on a
path to that particular study program long before his/her admission date. Hence, to add
an additional component of uncertainty, we focus on the bandwidth of older neighbors
around the program cutoff—barely admitted vs. barely not admitted. For 5 and 10
percent bandwidths around a college program’s cutoff, Figures 21 and 22 , we find similar
patterns for closest admitted neighbors one and two years apart as we find in our main
specification. For 3 years apart, Figure 23, due to decreasing number of observations for
that particular group, we find no overall effect. Finally, for the group of not-admitted
closest older neighbors, Figure 20, from one to three years apart, we find overall no effect.
This last analysis serves as an additional placebo test.

To strengthen our argument, we need to rule out several additional possibilities. First
is the fact that there might be an inflation trend in grades for the set of subjects for which
the younger student would apply, irrespective of the older neighbor effect. Our several
additional empirical analysis in the last paragraphs, by design, resolve this issue. Second,
we want to rule out unobserved neighborhood-level elements that might be driving the
results and be the cause of the preference homophily of neighbor-student pairs toward
the same set of subjects. In some neighborhoods, there might be a permanent demand
for a particular set of jobs that drives a selection into similar set of study programs—for
instance, agricultural college programs in rural areas, or a particular set of industries
in a certain urban area. To be able to distinguish the driving effects, we analyzed the
set of preferences within each neighbor-student pair. Each student can rank up to 10
college choices in their list. We divided their choices into four main categories based
on their preferences: field of study, college, university, and city. In this analysis, we
wanted to distinguish that the student is really following their older neighbor and not
only a set of study programs that may have similar weighing scheme in place. Each
year, out of 700 to 800 programs, applicants can choose only 10 study programs; but
there are clusters of programs, which are field-oriented, that have similar weight-scheme
for particular set of subjects. For instance, getting admitted to physics across different
colleges/universities may have similar weighing schemes. In order to have a different set of
types of applicants, we used the entire dataset on college preferences and divided students
by our four parameters. Some students may only express preferences for a particular field,
while others may prefer to live in the same city irrespective of the field of study. For each
of the four parameters, in Figure 16, we created a distribution of preference concentration
using the Herfindahl–Hirschman Index (HHI). A value of 1 represents highly concentrated
preferences (e.g., 1 field of study in choice set of 10), a value close to 0.1 shows mixed
preferences (e.g., 0.1, meaning 10 different fields of study among 10 choices). The reason
to compare the rank order lists of neighbors and students is because they do not know

30



which of the programs they will be admitted to. Every year, close to 40,000 students apply
and rank their preferences. If students’ preferences are mixed, including study programs
that are not field oriented, then admission from one ranked preference to another would
imply a large jump in the weights across subjects. In Figure 16, the largest number
of individuals with mixed preferences—many with values below 0.5—are in the college
group. The distribution of highly concentrated preferences (a value of 1) is greatest
among universities and cities, indicating strong geographical preferences. For field of
study, there is a substantial number of students with both low and high concentration
values.

Figure 16: Student preferences
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Note: The graphs show Herfindahl–Hirschman Index (HHI) distributions of students choice sets
regarding field of study, colleges, universities and cities. A value of 1 represents highly concentrated
preferences (e.g. 1 field of study in choice set 10), a value close to 0.1 shows very mixed preferences
(e.g. 0.1 meaning 10 fields of study among all 10 choices). Excluded are all choice sets with only 1
choice reported.

In Table 13 in Appendix C, for our main specification, closest neighbor and two years
apart, we divided the three parameters: city, field of study, and university by first and
last quartile of distribution—i.e., comparing students who have clear preferences for a
particular parameter and mixed preferences. In columns (1) and (2), for city/ geographical
preferences, we find a positive and significant effect only for clear (highly concentrated)
student choice sets and no effect for choice sets with lower concentration. In columns (3)
and (4), for clear preferences and mixed preferences for field of study, we find an effect
only for choice sets with a lower HHI. Finally, in columns (5) and (6), for university, we
find a positive and significant effect for clear preferences for a particular university. The
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fact that we do not find any effect for clear field preferences and find an effect for city
and university suggests that younger students follow older neighbors even when there is
a big difference in weight schemes across study programs.

Next, in Table 14 (Appendix C), similar to Table 13, we divide the sample according to
the distribution of the older neighbor’s preference strength. We also compare the first and
fourth quartile for city, field of study, and university choice concentration. We only find a
positive and statistically significant effect for the subsets with clear neighbor preferences,
and no effect for clear or mixed field of study choice sets.

This section provides evidence that older neighbor peers and their success getting ad-
mitted to college study programs has an effect on human capital formation of younger
neighbor peers. The channel of human capital formation is through specialization in
subjects that are needed for their future enrollment in the study program. We provide
evidence that younger neighbor peers increase their grades in the subjects needed to en-
roll in an older neighbor’s program relatively more than for subjects not needed for the
admitted program. These findings also provide evidence of an important mechanism of
the effect—learning about the study program weights in order to maximize their own
eventual likelihood of admission. Whether this is a direct effect of older neighbors provid-
ing information on study program weights, or an indirect effect of older peers motivating
younger neighbor peers to find information on and subsequently study harder for higher
weights subjects, remains an open question.

5.3 The Effect of Neighbor Peers in Social Groups

In this section, we utilize the universe of data on social activities, within and outside
of school, for the same period as the rest of our educational outcomes. The neighbor
effects in the literature so far were calculated through distance in residence between
neighbor peer pairs without any evidence of direct interaction. The first part of our
paper utilizes the same identification strategy, and we call it the "neighbor proximity"
effect, which is different from this "direct neighbor" effect. We use social activities data
to identify neighbor-student pairs who were: (1) closest neighbors; (2) went to the same
high school, and (3) engaged in the exact same social groups for the same period. These
novel estimates will shed light on the subset of neighbor-student pairs who were enrolled
in the same high school and had, to some extent, additional interaction beyond living
next door to one another. It is not a perfect measure of direct peer interaction, but it
is a step forward and can provide additional evidence of possible interaction in different
social activities. The choice of participating in activities in general, but also different
types of social activities, is correlated with educational performance and other individual-
level variables, so we extend our RDD strategy from the first part in order to remedy
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any possible selection bias. Our empirical strategy still compares neighbor-student pairs
around the quota cutoff, but also controls for the fact that they were engaged in the same
social activities, within and outside of school. Since we are comparing neighbor student
pairs within the same activity, by design, any selection bias when comparing pairs in
the same social activity is largely ruled out in our regressions. For instance, we will be
comparing closest neighbors, enrolled in the same school and participating in the same
soccer or chess club.

Our analysis of social activities is very granular, but it is not without its limitations.
For the original set of neighbor-student pairs, we analyzed all possible social activities
in which they engaged for the observed period. The division of in- and outside-of-school
activities is provided to us by the Ministry. An individual might be engaged both in-school
and outside-of-school activities. For some activities, there are clear names, such as soccer
club "FC Dinamo," while some in-school activities might be named more generally, like
"soccer club." We distinguish those as separate, assigning the latter as soccer activity for
that particular school. Each school offered a range of different activities, and we analyzed
all of them. To minimize the range of our analysis, we cluster the same identifiers of
social activities in the same groups. For instance, all social group identifiers in soccer
clubs outside of school were in one group (FC Dinamo and FC Hajduk), while all social
group identifiers of soccer across schools were in another group (soccer activities in two
different schools). For all activities, we focused on the top 50 clusters of groups. As
our procedure of finding student-neighbor pairs was already computationally heavy, we
focused on the top 50 groups of activities is to increase the likelihood of finding a match.

Different social activities have different selection probabilities based on the observable
variables. By comparing neighbor-student pairs enrolled in the same social activity around
the older neighbor’s program cutoff, we control for any potential selection biases that
would arise if we compared pairs across different social activities.

In Table 6, we provide RDD results for our three main dependent variables: the
probability that younger student is choosing the same college as a first preference, same
college program as one of their top three, or choosing the older neighbor‘s admitted
program as any of their top 10. In columns 1 to 3 we provide the conventional, bias-
corrected, and robust RDD results for all of the prior selected top 50 clusters of activities.
For the sample of neighbor-student pairs who went to the same high school and were
enrolled in the same activity of any type, we find no effect. Due to the limited number of
observations, we had to cluster our regression analysis into two large groups of activities
that are similar in terms of the frequency of social meetings and the type. First group
we name the "study" group. It primarily consists of in-school activities that aim to
provide additional learning opportunities in different subjects. The group consists of the

33



Table 6: RDD Results for different sets of social activities
(1) (2) (3) (4) (5) (6) (7) (8) (9)

All activities All activities All activities Study Study Study Sports Sports Sports
b/se b/se b/se b/se b/se b/se b/se b/se b/se

Conventional -0.016 -0.030 0.010 0.084 0.103 0.133 -0.024* 0.031 -0.222
(0.02) (0.03) (0.04) (0.06) (0.08) (0.09) (0.01) (0.08) (0.17)

Bias-corrected -0.021 -0.036 0.006 0.096 0.071 0.061 -0.032** 0.025 -0.269
(0.02) (0.03) (0.04) (0.06) (0.08) (0.09) (0.01) (0.08) (0.17)

Robust -0.021 -0.036 0.006 0.096 0.071 0.061 -0.032* 0.025 -0.269
(0.02) (0.03) (0.04) (0.08) (0.08) (0.10) (0.02) (0.10) (0.20)

Observations 2449 2449 2449 112 112 112 266 266 266

Note: RDD coefficients for three main outcome variables of younger students: probability of having
the 1st, top 3, or any out of 10 preferences match the older neighbors‘admitted college program.
Columns (1)–(3) are for all activities. Columns (4)–(6) are for the group of study activities. Columns
(7)–(9) are for the group of sports activities. . * p < 0.1, ** p < 0.05, *** p < 0.01

following social activities: book club, geography, history, mathematics, ecology, arts, and
German and English language. In columns 4 to 6 we find a positive, but not significant,
effect. We also clustered the different sports activities, both within and outside of school,
into a "sports" group. The sport group consists of the following activities: school-level
soccer, handball and basketball; and sport club activities in soccer, handball, basketball,
volleyball and water-polo. Thus, both school soccer club and soccer club outside of the
school are in this group, but the neighbor and student pair would have to be enrolled
in the exact same social activity. In column 7, we find a significant and negative effect.
One reason might be because sports activities, unlike study activities, select individuals
based on their physical proclivity, not cognitive capacities or educational preferences.
Overall, we do not find that additional social interactions between neighbor-student pairs
enhances the probability following one’s older neighbors’ college choices. We acknowledge
our data limitations, but working with large administrative datasets for multiple cohorts,
we shed some light on the effects of additional social interaction between neighbor-student
pairs. To our knowledge, this is the first study that has provided an additional evidence of
plausible peer-neighbor interactions in social groups, beyond the well-established evidence
of neighbors living in close proximity.

6 Conclusion

We investigate individual neighbor spillover effects on specific college major choices. We
find causal evidence that having an older neighbor who was admitted to and enrolled in a
program increases a younger student’s probability of applying to that program by about
20% (evaluated at the sample mean) compared to having a neighbor that barely missed
the admission score. The effect is stronger if the student-neighbor pair lives in a city or
region that does not have its own university, implying that the value of information in
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rural areas is higher.
A heterogeneity analysis shows that female students are more likely to be influenced

by older neighbors’ choices, and male older neighbors’ admission has a larger impact on
both male and female students than that of female older neighbors. Furthermore, we find
evidence that students don’t follow their older neighbors to programs with low or medium
demand, but have a higher probability of applying when neighbors are admitted to a high-
demand (more prestige) program. Neighbor spillovers are smaller than sibling spillovers
(as in Altmejd et al. 2021), which is also in line with findings by Avdeev et al. (2024)
on field of study choice spillovers. Placebo tests confirm our findings. We reverse the
order—i.e., we tested whether the college choices of younger neighbors affect the college
choices of older neighbors—and find no significant results. Additionally, our findings are
very robust to changes in specifications and sub-group analysis.

Next, we utilize the variation in study program weight schemes across Croatia’s college
system to identify the causal effect of older neighbors’ admission to a college program on
younger neighbors’ human capital formation. We find a strong and positive effect through
numerous robustness checks. After the older neighbor peer is admitted to a particular
study program, younger neighbor peers tend to increase their grades in subjects needed
to get into that college program relatively more than they do for the rest of their control-
group subjects. The effect is stronger as the share of the weight placed on that particular
subject in admissions increases. Moreover, we find that our results are not driven by the
neighbor or younger students’ specialization in a particular study field or a set of college
programs with similar weight scheme. The driving effect occurs when older neighbors
have a mixed college preference list (i.e., when a change in admission status for the older
neighbor, from one ranked choice to the next, drastically changes the weight scheme).
This serves as additional evidence that younger students follow the exact choices of older
neighbors, not just within a general field of study. We show that younger neighbor
peers learn the information about the specific subjects they need to excel in in in order to
increase their probability of admission to their older neighbor’s college program. Whether
this is a direct effect, via the older neighbors interacting with the younger ones, or an
indirect effect, through aspiration, in which the older neighbor’s admission motivates
the younger neighbor to learn more about the admission process and consequently study
more, is still an open question. These findings become even more relevant and applicable
because, according to McGrath et al. 2014 and Haj et al. 2018, different types of hybrid
college admission weight schemes are present in around 50 to 60 percent of college systems
worldwide, across and within countries, and they are not solely an artifact of the Croatian
college system.

Finally, we contribute to the literature by providing additional evidence of direct

35



exposure between neighbor-peers. We use a unique dataset on a universe of within- and
outside-of-school activities for all students in Croatia for the observed period, which allows
us to identify neighbor peer pairs who also participated in the same social activities. Due
to rigorous and precise matching, our sample around the cutoff shrinks dramatically, and
we find no enhancing effect of additional neighbor-peer interaction through participation
in different social activities.

We show that information networks, which have been examined in previous studies,
reach beyond just family networks. This is substantial from a policy perspective, as
interventions to increase college enrollment and choices could have a multitude of effects
beyond family boundaries. It is important to consider the potential channel of individual
neighbor spillovers in educational trends, especially for places or regions where access
to information is scarce. Neighborhoods matter, but in rural areas or regions where
institutional settings are generally sparse, a few individuals could have a large impact
on perceived and realized opportunities by those within their network when it comes to
education and human capital formation.
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A Appendix: Neighbor Proximity Effects

A.1 Main results for all neighbors (N=1 to N=3) and age dif-
ference (T=1 to T=3)

Figure 17: Results for all specifications, no control variables
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Notes: Displayed are, for each outcome of interest (applying as 1st preference, 1st to 3rd preference or
any preference graphs in that order from top to bottom), coefficients of the IV estimations using the
10% bandwidth for the 3x3 matrix of all subsamples, for cohort differences of 1-3 years and first to
third neighbor. All estimations include year and program fixed effects. Standard errors are clustered
at student-pair level.
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Figure 18: Results for all specifications
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Notes: Displayed are, for each outcome of interest (applying as 1st preference, 1st to 3rd preference
or any preference graphs in that order from top to bottom), coefficients of the IV estimations using
the 10% bandwidth for the 3x3 matrix of all subsamples, for cohort differences of 1-3 years and first
to third neighbor. All estimations include year and program fixed effects and student characteristics
as control variables. Standard errors are clustered at student-pair level.

41



Table 7: Placebo test: Second Neighbor and 1 Year Age Gap
Neighbor admitted Neighbor enrolled (fuzzy)

(1) (2) (3) (4) (5) (6)
Rdrobust OLS BW select OLS BW 10% Rdrobust IV BW select IV

Panel (a): Applying same program as 1st choice
Robust 0.0112*** 0.0113**

(0.004) (0.004)
Neighbor admitted 0.0041 0.0048

(0.004) (0.004)
Neighbor enrolled 0.0044 0.0052

(0.004) (0.004)
female = 1 -0.0096*** -0.0084*** -0.0095*** -0.0084***

(0.002) (0.002) (0.002) (0.002)
same gender = 1 0.0134*** 0.0132*** 0.0143*** 0.0131***

(0.002) (0.002) (0.002) (0.002)
city has university 0.0050** 0.0057** 0.0055*** 0.0056**

(0.002) (0.002) (0.002) (0.002)
distance in 1000m 0.0013** 0.0010* 0.0011* 0.0010*

(0.001) (0.001) (0.001) (0.001)
Points_HS 0.0001*** 0.0001*** 0.0001*** 0.0001***

(0.000) (0.000) (0.000) (0.000)
Total_points 0.0000 0.0000 0.0000 0.0000

(0.000) (0.000) (0.000) (0.000)
fstage 72670 60917
ymean 0.03 0.03 0.03 0.03 0.03 0.03
BW 71.44 71.44 80.88 80.88
N 46023 28652 25879 46023 31037 25879

Panel (b): Applying same program as 1st - 3rd choice
Robust 0.0098 0.0099

(0.007) (0.007)
Neighbor admitted 0.0036 0.0009

(0.005) (0.005)
Neighbor enrolled 0.0017 0.0010

(0.006) (0.006)
female = 1 -0.0159*** -0.0138*** -0.0175*** -0.0138***

(0.003) (0.003) (0.003) (0.003)
same gender = 1 0.0302*** 0.0296*** 0.0313*** 0.0295***

(0.003) (0.003) (0.003) (0.003)
city has university 0.0124*** 0.0145*** 0.0136*** 0.0145***

(0.003) (0.003) (0.003) (0.003)
distance in 1000m 0.0026*** 0.0026*** 0.0025*** 0.0026***

(0.001) (0.001) (0.001) (0.001)
Points_HS 0.0001*** 0.0001*** 0.0001*** 0.0001***

(0.000) (0.000) (0.000) (0.000)
Total_points -0.0000*** -0.0000* -0.0000*** -0.0000*

(0.000) (0.000) (0.000) (0.000)
fstage 64311 60917
ymean 0.07 0.07 0.07 0.07 0.07 0.07
BW 64.24 64.24 69.85 69.85
N 46023 26648 25879 46023 28237 25879

Panel (c): Applying same program any choice
Robust 0.0082 0.0083

(0.009) (0.009)
Neighbor admitted 0.0026 -0.0029

(0.007) (0.007)
Neighbor enrolled -0.0010 -0.0031

(0.007) (0.007)
female = 1 -0.0208*** -0.0194*** -0.0227*** -0.0194***

(0.004) (0.004) (0.004) (0.004)
same gender = 1 0.0506*** 0.0496*** 0.0516*** 0.0496***

(0.004) (0.004) (0.004) (0.004)
city has university 0.0121*** 0.0135*** 0.0115*** 0.0135***

(0.004) (0.004) (0.004) (0.004)
distance in 1000m 0.0029** 0.0029** 0.0029** 0.0029**

(0.001) (0.001) (0.001) (0.001)
Points_HS 0.0001*** 0.0001*** 0.0001*** 0.0001***

(0.000) (0.000) (0.000) (0.000)
Total_points -0.0000 -0.0000 -0.0000 -0.0000

(0.000) (0.000) (0.000) (0.000)
BW 59.87 59.87 66.54 66.54
fstage 61453 60917
ymean 0.12 0.11 0.11 0.12 0.11 0.11
N 46023 25283 25879 46023 27367 25879

Notes: Placebo test: the effect of a younger student’s admission and enrollment to a program on older neighbor’s choice set. Columns (1)-(3) show
the reduced form results for the student’s admission, columns (4)-(6) for the student’s enrollment. Panels (a)-(c) show results for dependent variables
choosing the same program as 1st preference, as 1st-3rd preference or any preference. Columns 1 and 4 show results for the rdrobust estimation and
the resulting bandwidths. Column 2 and 5 show results of the linear regression using the data driven bandwidths from the preceding model, Columns 3
and 6 the results when using 10% bandwidths relative to the total admission score per program. All regressions include college × major and year fixed
effects. Standard errors are clustered at student-neighbor pair level.* p < 0.1, ** p < 0.05, *** p < 0.01
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Table 8: Placebo test: Third Neighbor and 1 Year Age Gap
Neighbor admitted Neighbor enrolled (fuzzy)

(1) (2) (3) (4) (5) (6)
Rdrobust OLS BW select OLS BW 10% Rdrobust IV BW select IV

Panel (a): Applying same program as 1st choice
Robust 0.0098* 0.0103*

(0.005) (0.005)
Neighbor admitted 0.0047 0.0055

(0.004) (0.004)
Neighbor enrolled 0.0053 0.0060

(0.004) (0.005)
female = 1 -0.0116*** -0.0100*** -0.0118*** -0.0099***

(0.003) (0.003) (0.002) (0.003)
same gender = 1 0.0175*** 0.0158*** 0.0177*** 0.0158***

(0.002) (0.003) (0.002) (0.003)
city has university 0.0052** 0.0054** 0.0054** 0.0054**

(0.002) (0.003) (0.002) (0.003)
distance in 1000m 0.0011 0.0015* 0.0012* 0.0014*

(0.001) (0.001) (0.001) (0.001)
Points_HS 0.0001*** 0.0001*** 0.0001*** 0.0001***

(0.000) (0.000) (0.000) (0.000)
Total_points 0.0000 0.0000* 0.0000 0.0000*

(0.000) (0.000) (0.000) (0.000)
fstage 47730 39643
ymean 0.03 0.03 0.03 0.03 0.03 0.03
BW 77.88 77.88 82.80 82.80
N 30249 20052 17330 30249 20755 17330

Panel (b): Applying same program as 1st - 3rd choice
Robust 0.0086 0.0099

(0.008) (0.009)
Neighbor admitted 0.0001 0.0018

(0.006) (0.007)
Neighbor enrolled 0.0021 0.0020

(0.007) (0.007)
female = 1 -0.0217*** -0.0185*** -0.0223*** -0.0185***

(0.004) (0.004) (0.004) (0.004)
same gender = 1 0.0329*** 0.0294*** 0.0327*** 0.0294***

(0.004) (0.004) (0.004) (0.004)
city has university 0.0086** 0.0073* 0.0091** 0.0073*

(0.004) (0.004) (0.004) (0.004)
distance in 1000m 0.0031*** 0.0035*** 0.0030*** 0.0035***

(0.001) (0.001) (0.001) (0.001)
Points_HS 0.0001*** 0.0001*** 0.0001*** 0.0001***

(0.000) (0.000) (0.000) (0.000)
Total_points 0.0000 0.0000 0.0000 0.0000

(0.000) (0.000) (0.000) (0.000)
fstage 40936 39643
ymean 0.07 0.07 0.06 0.07 0.07 0.06
BW 77.22 77.22 69.83 69.83
N 30249 19738 17330 30249 18669 17330

Panel (c): Applying same program any choice
Robust 0.0135 0.0157

(0.009) (0.011)
Neighbor admitted 0.0037 0.0035

(0.007) (0.008)
Neighbor enrolled 0.0053 0.0038

(0.009) (0.009)
female = 1 -0.0287*** -0.0250*** -0.0292*** -0.0250***

(0.005) (0.005) (0.005) (0.005)
same gender = 1 0.0564*** 0.0508*** 0.0540*** 0.0508***

(0.005) (0.005) (0.005) (0.005)
city has university 0.0094* 0.0065 0.0085 0.0065

(0.005) (0.005) (0.005) (0.005)
distance in 1000m 0.0033** 0.0035** 0.0026* 0.0035**

(0.001) (0.001) (0.001) (0.001)
Points_HS 0.0001*** 0.0001*** 0.0001*** 0.0001***

(0.000) (0.000) (0.000) (0.000)
Total_points 0.0000 -0.0000 -0.0000 -0.0000

(0.000) (0.000) (0.000) (0.000)
BW 81.34 81.34 69.20 69.20
fstage 40630 39643
ymean 0.12 0.11 0.11 0.12 0.11 0.11
N 30249 20379 17330 30249 18573 17330

Notes: Placebo test: the effect of a younger student’s admission and enrollment to a program on older neighbor’s choice set. Columns (1)-(3) show
the reduced form results for the student’s admission, columns (4)-(6) for the student’s enrollment. Panels (a)-(c) show results for dependent variables
choosing the same program as 1st preference, as 1st-3rd preference or any preference. Columns 1 and 4 show results for the rdrobust estimation and
the resulting bandwidths. Column 2 and 5 show results of the linear regression using the data driven bandwidths from the preceding model, Columns
3 and 6 the results when using 10% bandwidths relative to the total admission score per program. All regressions include college × major and year
fixed effects. Standard errors are clustered at student-neighbor pair level. * p < 0.1, ** p < 0.05, *** p < 0.01
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B College Program Weight Scheme in Croatia

B.1 Weight of State Exams

We utilize the weight scheme from the centralized college system for 2022. According
to Agency for Science and Higher Education data, the weight scheme must go through
internal review at the university level for every college program, and then be validated
by the Ministry of Science. The changes are usually marginal and not structural. For
instance, a physics study program may shift the balance of physics and mathematics
weights, but it will not change its weights toward social science subjects such as history
or geography.

B.2 Subjects and Weights Omitted

When Croatian high school students take state exams, they can choose (to some extent)
how many subjects, and in which subjects they take the state exam in. The exception is
math and Croatian, which are mandatory, so students can only decide between A- and
B-level courses and exams. Therefore, we exclude math and Croatian from the list of
subjects included in the analysis for two reasons:

• For most study programs, a mandatory condition is at least a passing grade on math
and Croatian state exams, and for a large share of programs, school grades in these
subjects also hold weight in the calculation of the application score. Observations
for these subjects would therefore be included in the treatment group for nearly all
students.

• As all students take a state exam in these subjects, it’s likely that their school
grades might improve anyway, through studying, as they get closer to the state
exam. Improvement in grades would therefore not be an effect coming from an
older neighbor.

The treatment group subjects are, after excluding math and Croatian, defined by the
different weights of state exam subjects. Grades of all subjects that are required to be
at least passed in the state exam therefore make up the control group. We only include
observations of students where the program the older neighbor got admitted to requires
at least one subject other than math or Croatian. The control group consists of grades of
other subjects. Here, we choose only subjects that are also an important part of general
education and also "typical" state exam subjects, such as languages, chemistry, geography,
etc., if not already included in the subject treatment group. We exclude arts subjects and
physical education, as well as highly specialized subjects only offered at some schools.
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We then run a simple difference-in-difference specification using the within-student
variation. We include student fixed effects and cluster at student × treatment level. We
control for calendar year and subject-specific differences. We only include subjects per
student where we have grade information for all class levels and exclude students that
repeated a grade for this analysis.

B.3 Event Study DiD T1 and T3

Figure 19: Differences in grades for subjects both important and unimportant for program
older neighbor got admitted to
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Notes: DiD coefficients for the closest neighbor (N=1) with one and three years difference in age.
T=0 is the school year when older neighbor was admitted to a particular college program. College
admissions are in July, while the school year ends in June, so this event happens a month after
younger student finished 9th and 11th grade.
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Table 9: Corresponding regression results N1T1
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

0.ttt 0.0160* -0.0037 0.0662*** 0.0427** -0.0095
(0.009) (0.018) (0.019) (0.018) (0.008)

1.ttt -0.0084 -0.0152 0.0149 0.0154 -0.0116*
(0.006) (0.012) (0.015) (0.014) (0.007)

3.ttt 0.1247*** 0.1245*** 0.1473*** 0.0885*** 0.0523***
(0.006) (0.011) (0.014) (0.013) (0.006)

1.subjT 0.0049 0.0186 0.0142 -0.0041 0.0355**
(0.012) (0.023) (0.030) (0.023) (0.015)

0.ttt×1.subjT -0.0081 -0.0160 -0.0378 -0.0215 -0.0071
(0.013) (0.025) (0.030) (0.024) (0.016)

1.ttt×1.subjT -0.0118 0.0013 -0.0391 0.0018 -0.0156
(0.011) (0.021) (0.026) (0.021) (0.015)

3.ttt×1.subjT 0.0125 0.0073 -0.0137 -0.0110 -0.0040
(0.010) (0.020) (0.025) (0.022) (0.014)

_cons 4.2397*** 4.2567*** 4.3124*** 3.4865*** 4.8228***
(0.022) (0.041) (0.054) (0.056) (0.019)

N 121752 37196 22168 30343 33863

Notes: All regressions include Student fixed effect, are clustered at Student ×
subjT level, and include year and subject controls. * p < 0.1, ** p < 0.05, *** p
< 0.01
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Table 10: Corresponding regression results N1T3
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

1.ttt -0.0194** -0.0083 -0.0242 -0.0141 0.0044
(0.010) (0.021) (0.016) (0.017) (0.009)

2.ttt -0.0274** 0.0115 -0.0321 -0.0235 0.0154
(0.012) (0.029) (0.021) (0.021) (0.011)

3.ttt 0.0885*** 0.1680*** 0.0890*** 0.0458* 0.0528***
(0.014) (0.034) (0.025) (0.024) (0.012)

1.subjT 0.0157 0.0848** -0.0232 0.0182 0.0197
(0.018) (0.037) (0.037) (0.028) (0.022)

1.ttt×1.subjT -0.0245 -0.0828** 0.0409 -0.0215 -0.0052
(0.016) (0.033) (0.030) (0.026) (0.023)

2.ttt×1.subjT 0.0220 -0.0805** 0.0928*** 0.0210 0.0124
(0.018) (0.040) (0.033) (0.027) (0.024)

3.ttt×1.subjT 0.0471** -0.0275 0.0764** 0.0135 0.0295
(0.020) (0.044) (0.036) (0.030) (0.024)

_cons 4.2705*** 4.0921*** 4.3295*** 3.7161*** 4.8522***
(0.029) (0.056) (0.056) (0.055) (0.021)

N 62176 14560 18740 24978 16357

Notes: All regressions include Student fixed effect, are clustered at Student ×
subjT level, and include year and subject controls. * p < 0.1, ** p < 0.05, *** p
< 0.01

Table 11: DiD results N1T1
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

1.timeT 0.1355*** 0.1236*** 0.1779*** 0.1064*** 0.0475***
(0.007) (0.013) (0.017) (0.016) (0.007)

1.subjT -0.0017 0.0137 -0.0114 -0.0101 0.0281**
(0.010) (0.020) (0.026) (0.019) (0.011)

1.timeT×1.subjT 0.0192* 0.0122 0.0120 -0.0049 0.0034
(0.011) (0.021) (0.025) (0.020) (0.012)

_cons 4.2727*** 4.2439*** 4.4459*** 3.5663*** 4.8014***
(0.026) (0.056) (0.065) (0.061) (0.024)

N 121752 37196 22168 30343 33863

Notes: full sample for T1 is comparison for grades of subjects mandatory/ with
weights of the program the older student got admitted to vs. grades of other subjects,
within-student variation, Q1 means students were weights make up only 40 percent
of the total final score, Q4 60 or more percent of final score. * p < 0.1, ** p < 0.05,
*** p < 0.01
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Table 12: DiD results N1T3
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

1.timeT -0.1018*** -0.1211*** -0.0988*** -0.0631*** -0.0304***
(0.012) (0.029) (0.022) (0.020) (0.012)

1.subjT 0.0155 0.0836** -0.0230 0.0132 0.0198
(0.018) (0.037) (0.037) (0.027) (0.022)

1.timeT×1.subjT 0.0151 -0.0620* 0.0697** 0.0066 0.0134
(0.015) (0.034) (0.029) (0.023) (0.020)

_cons 4.1961*** 3.9598*** 4.2577*** 3.7155*** 4.8164***
(0.032) (0.071) (0.062) (0.058) (0.025)

N 62176 14560 18740 26422 16357

Notes: full sample for T3 is comparison for grades of subjects mandatory/ with weights
of the program the older student got admitted to vs. grades of other subjects, within-
student variation, Q1 means students were weights make up only 40 percent of the
total final score, Q4 60 or more percent of final score. * p < 0.1, ** p < 0.05, *** p <
0.01
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C DiD by Type of Student and Neighbor Preference List

Figure 20: Further Placebo: N1 T1-T3 of not admitted older neighbors
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Notes: DiD coefficients for the closest neighbor (N=1) with one, two, and three years difference in
age for not-admitted older neighbors. T=0 is the school year when older neighbor was admitted to
a particular college program. College admissions are in July, while the school year ends in June, so
this event happens a month after younger student finished 9th,10th or 11th grade.
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Table 13: Effect N1T2 by student preference strength
(1) (2) (3) (4) (5) (6)

citySq1 citySq4 fieldSq1 fieldSq4 uniSq1 uniSq4
b/se b/se b/se b/se b/se b/se

1.timeT -0.0459** -0.0705*** -0.0726*** -0.0352 -0.0978*** -0.0615***
(0.018) (0.017) (0.020) (0.022) (0.021) (0.016)

1.subjT -0.0442 0.0312 -0.0412 -0.0238 -0.0341 -0.0019
(0.027) (0.024) (0.030) (0.030) (0.031) (0.022)

1.timeT × 1.subjT 0.0260 0.0553** 0.0597** 0.0426 0.0228 0.0611***
(0.025) (0.023) (0.028) (0.028) (0.028) (0.021)

_cons 4.0304*** 4.1662*** 4.1185*** 4.2475*** 4.1116*** 4.0987***
(0.060) (0.056) (0.064) (0.067) (0.065) (0.050)

N 21224 25012 16168 16504 15912 29692

Notes: Preference identification of student. Low value (q1) means that the student has a very
mixed application choice list. Values close to 1 represent a very concentrated choice set. We
look at the choice set mixed vs not in regard to variety in city choices, field of study choices,
and university choices. * p < 0.1, ** p < 0.05, *** p < 0.01

Table 14: Effect N1T2 by neighbor preference strength
(1) (2) (3) (4) (5) (6)

cityNq1 cityNq4 fieldNq1 fieldNq4 uniNq1 uniNq4
b/se b/se b/se b/se b/se b/se

1.timeT -0.0600*** -0.0324* -0.0729*** -0.0436** -0.0621*** -0.0235
(0.020) (0.017) (0.020) (0.020) (0.020) (0.016)

1.subjT -0.0789*** 0.0166 0.0796*** -0.0816*** -0.0876*** 0.0352
(0.030) (0.024) (0.029) (0.030) (0.029) (0.023)

1.timeT × 1.subjT 0.0128 0.0462** 0.0167 0.0279 0.0328 0.0476**
(0.028) (0.023) (0.029) (0.026) (0.026) (0.023)

_cons 4.1604*** 3.9853*** 4.1187*** 4.0482*** 4.1553*** 4.0030***
(0.057) (0.058) (0.062) (0.063) (0.051) (0.068)

N 18044 23880 17392 19220 19156 25180

Notes: Preference identification of neighbor. Low value (q1) means that the student has a very
mixed application choice list. Values close to 1 represent a very concentrated choice set. We
look at the choice set mixed vs not in regard to variety in city choices, field of study choices,
and university choices. * p < 0.1, ** p < 0.05, *** p < 0.01
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Figure 21: N1T2 only admitted neighbors and only 5% and 10% above cutoff (in band-
width
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Notes: DiD coefficients for the closest neighbor (N=1) with two years difference in age. T=0 is the
school year when older neighbor was admitted to a particular college program. College admissions
are in July, while the school year ends in June, so this event happens a month after younger student
finished 10th grade.
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Figure 22: N1T1 only admitted neighbors and only 5% and 10% above cutoff (in band-
width)
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Notes: DiD coefficients for the closest neighbor (N=1) with one year difference in age. T=0 is the
school year when older neighbor was admitted to a particular college program. College admissions
are in July, while the school year ends in June, so this event happens a month after younger student
finished 11th grade.
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Figure 23: N1T3 only admitted neighbors and only 5% and 10% above cutoff (in bandwidt
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Notes: DiD coefficients for the closest neighbor (N=1) with three years difference in age. T=0 is the
school year when older neighbor was admitted to a particular college program. College admissions
are in July, while the school year ends in June, so this event happens a month after younger student
finished 9th grade.
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Table 15: DiD Results for N=1 and T=2 (alternative measure)
(1) (2) (3) (4) (5)

main Q1 weights Q4 weights Q1 GPA Q4 GPA
b/se b/se b/se b/se b/se

1.timeT -0.0534*** -0.0267 -0.0686*** -0.0687*** -0.0158
(0.009) (0.017) (0.018) (0.020) (0.010)

1.subjT -0.0168 -0.0177 -0.0322 -0.0301 -0.0131
(0.013) (0.022) (0.028) (0.024) (0.015)

1.timeT×1.subjT 0.0485*** 0.0562** 0.0647*** 0.0458** 0.0377***
(0.012) (0.022) (0.023) (0.021) (0.014)

_cons 4.1124*** 4.0809*** 4.2080*** 3.3584*** 4.8148***
(0.030) (0.057) (0.047) (0.065) (0.026)

N 83404 27388 22956 20777 23617

Notes: Full sample for T2 is comparison for grades of subjects mandatory/ with
weights of the program the older student got admitted to vs grades of other
subjects, within student variation, Q1 means students where subject weights of
the neighbor’s program are zero (but subjects are mandatory to pass, which is
the case for about 25% of students in the sample), Q4 the weights of the subjects
make up 40% or more of the final grade. For the previous table, the overall weight
of all subjects was used. In this case we only look at the weights of the subjects
that were included in the treatment group in the end. * p < 0.1, ** p < 0.05, ***
p < 0.01

Figure 24: DiD Coefficients by quartiles of program weight dispersion
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Notes: This shows the results by program weight quartiles corresponding to the alternative main
Table 15. Quartiles are distributed according to the weights of the treatment subjects.
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