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Abstract

Although many students suffer from anxiety and depression, and students often identify

school pressure and concerns about their futures as the main reasons for their worries, little

is known about the consequences of a selective school environment on students’ physical and

mental health. In this paper, we draw on rich administrative data and the features of the high

school assignment system in the largest Norwegian cities to consider the long-term consequences

of enrollment in amore selective high school. Using a regression discontinuity analysis, we show

that eligibility to enroll in a more selective high school increases the probability of enrollment

in higher education and decreases the probability of diagnosis or treatment by a general medical

practitioner for psychological symptoms and diseases. We further document that enrolling in

a more selective high school has a greater positive impact when there are larger changes in

the student–teacher ratio, teachers’ age, and the proportion of female teachers. These findings

suggest that changes in teacher characteristics are important for better understanding the effects

of a more selective school environment.

∗Department of Economics, Norwegian School of Economics, Helleveien 30, 5045 Bergen, Norway; IZA; email: Aline.
Buetikofer@nhh.no.

†Department of Economics, University of Bergen, Fosswinckelsgate 14, 5007 Bergen, Norway; Institute for Fiscal Studies; IZA;
email: rita.ginja@uib.no.

‡Department of Economics, Norwegian School of Economics, Helleveien 30, 5045 Bergen, Norway; IZA; email: Fanny.
Landaud@nhh.no.

§Department of Economics, Norwegian School of Economics, Helleveien 30, 5045 Bergen, Norway; IZA; email: Katrine.
Loken@nhh.no.

¶We are grateful for comments by Éric Maurin and Edwin Leuven. We also thank seminar, workshop, and conference
participants at the Paris School of Economics, Statistics Norway, Tilburg University, University of Rotterdam, the University of
Essex, the University of Gothenburg, the Swedish Institute for Social Research, Instituto de Ensino e Pesquisa (Insper), and the
2020 NBER Summer Institute. Maria Køber Guldvik provided excellent research assistance. This work was partially supported by
the Research Council of Norway through its Centres of Excellence Scheme, FAIR project No 262675 and by the NORFACE DIAL
grant 462-16-050.

1

Aline.Buetikofer@nhh.no
Aline.Buetikofer@nhh.no
rita.ginja@uib.no
Fanny.Landaud@nhh.no
Fanny.Landaud@nhh.no
Katrine.Loken@nhh.no
Katrine.Loken@nhh.no


1 Introduction

Depression and anxiety are among the leading causes of illness and disability among adolescents (WHO,

2019). For instance, roughly one in three high school students in the US report suffering from depression or

anxiety symptoms in a given year (HHS, 2017). Adolescent mental illness is also widespread in countries

that conventionally rank among the happiest countries according to the World Happiness Report. In Norway,

for example, 22% of high school students report depression or anxiety issues (Ungdata, 2018). This is

important because mental health problems among adolescents are associated with various costly long-term

outcomes such as lower labor market productivity, less marriage stability, and other adult health problems

(Currie et al., 2010; Goodman et al., 2011; Lundborg et al., 2014).

Survey evidence indicates that school pressure is one of the main causes of adolescent worries (see e.g.,

Eriksen et al., 2017). However, we know little about the relationship between the school environment, and

in particular school selectivity, and adolescent mental health. As it stands, the potential effects of school

selectivity onmental health are ambiguous. On the one hand, a selective school, with more high-ability peers,

might be a more stressful experience negatively affecting student mental health. On the other hand, peers

at more selective schools may have different health care usage and display better health behaviors such as

lower smoking rates or greater physical activity. Moreover, enrolling in a more selective school could result

in different teacher characteristics and may be an inspiring experience that opens up new perspectives. This

could positively influence student aspirations and mental health in both the short and long term. Because

common determinants likely influence student choice of enrolling in a more selective high school and student

health and health behaviors, and because data linking detailed school and health outcomes are not easily

available, evidence on the causal effects of the school environment on student mental health remains very

scarce.

This paper overcomes these identification and data challenges, providing new insights into how high

school selectivity affects mental health. First, to overcome the identification problem, we build on the

features of the high school assignment system in the two largest Norwegian cities, which assign students to

high schools through a centralized process giving priority to students with the best average grades in middle

school. This assignment system enables a regression discontinuity analysis, where we compare the long-term

outcomes of students that are very similar at the end of middle school but are eligible to enroll in less or more

selective high schools. Second, we link several administrative data sources, including information about
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educational institutions and school grades, as well as health care take-up, and create a long panel allowing

us to document the effects on outcomes during and beyond high school.

The available data also enable us to characterize the features of a more selective school environment

with respect to peer and teacher characteristics, school size, and the number of students per teacher. These

features may differ across countries and contexts and are therefore important to consider. Abdulkadiroğlu

et al. (2014), for example, demonstrate that going to an exam school in Boston implies going to a school with

higher-achieving peers, fewer Black and Hispanic students, more experienced teachers, and larger class sizes.

In the context of Romania, Pop-Eleches and Urquiola (2013) also find variations in teacher characteristics

across selective schools. In France, where the central administration attempts to equalize resources across

schools, Landaud et al. (2018) reveal little variation in teacher characteristics or class sizes across selective

Parisian high schools, despite large variation in student ability. Beyond documenting the implications of

enrolling in a more selective high school in terms of peers, teachers, and other school features, we make

use of the fact that we have variation in which of these school inputs changes more when enrolling in a

more selective high school and implement a heterogeneity analysis. In essence, we estimate our regression

discontinuity model for each of the 84 admission thresholds and each school feature separately and estimate

whether changes in longer-term outcomes are greater when students gain eligibility to schools where peer

and teacher characteristics or school resources change by a larger margin at the admission thresholds.

We present four key findings. First, we find that students that are eligible to enroll in a more selective

high school are 8.3 percentage points more likely to enroll in the more selective school. Further, we show

that eligibility to enroll in a more selective high school increases the likelihood of high school completion by

2.3 percentage points (4.2%) and the likelihood of enrollment in higher education by 1.6 percentage points

(4.0%). Students gaining access to the most selective schools in our sample mostly drive these improvements

in educational outcomes. Second, we document that eligibility to enroll in a more selective school does

not affect the use of primary care services up to six years after high school completion but does decrease

the likelihood of diagnosis or treatment for mental health issues. In particular, we estimate that eligibility

for enrollment in a more selective school reduces the likelihood of mental health diagnosis or treatment

(driven by a reduction in anxiety and depression) by 1.7 percentage points (5.2%). In particular, we conclude

that female students and students gaining access to the most selective schools drive these estimated effects,

whereas the mental health of male students is largely unaffected. Hence, our findings indicate that eligibility

for enrollment in a more selective school is protective of the mental health of girls. Third, we investigate
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what features of the school environment change at the threshold. We document that eligibility for enrollment

in a more selective high school significantly changes the ability level of peers, peers’ parental education

and income, the number of students per teacher, and the share of female teachers. Lastly, our heterogeneity

analysis suggests that changes in teacher characteristics—and not necessarily peer characteristics—could

be important for explaining our main findings. Taken together, our findings provide key implications for

ongoing policy debate over the consequences of school selectivity and the role of school inputs for student

educational and health outcomes.

This paper particularly contributes to the literature on the relationships between education and health and

school selectivity. Most empirical research identifying the causal effects of education on physical or mental

health exploits exogenous variations from compulsory schooling reforms, regulations on school starting age,

or school tracking (see, e.g., Böckerman et al., 2019; Clark and Royer, 2013; Crespo et al., 2014; Dursun

and Cesur, 2016; Lager et al., 2016; Lleras-Muney, 2005; Meghir et al., 2018). We expand this literature

by moving beyond changes in compulsory education, which mostly target individuals at the lower end of

the educational distribution, and analyze the extent to which the high school environment links to health.

Because the selectivity of higher education institutions correlates with student mental health and wellbeing

(Fletcher and Frisvold, 2011, 2014; Frisvold and Golberstein, 2011), it is important to understand better

the effect of high school selectivity, as well as the influence of high school peers, teachers, and financial

resources on student health. Establishing this link is crucial for education policies aiming at improving the

learning environment for students to increase their long-term welfare.

In addition, this paper complements the growing literature on the consequences of school selectivity (see

e.g., Abdulkadiroğlu et al., 2017, 2014; Clark and Del Bono, 2016; Cullen et al., 2006; Dobbie and Fryer Jr,

2014; Jackson, 2013; Landaud et al., 2018; Pop-Eleches and Urquiola, 2013).1 First, we expand the set of

outcomes by studying the effects on health and educational outcomes after high school to provide a more

complete longer-term picture of the effects of a more selective school environment. Our second contribution

concerns themechanisms behind the estimates. We combine a unique setting of 84 different school admission

thresholds with detailed information on several school inputs (characteristics of peers, teachers, school size,

and the number of students per teacher) to investigate which features of a more selective school environment

may help explain our findings. Understanding the role of school inputs for educational outcomes or mental

1Note that our paper mostly relates to studies on selectivity in the context of nonelite schools. In our setting, school admission
cutoffs are located between the 4th and the 97th percentile of the test score distribution after middle school in the areas of interest
and on average located around the 40th percentile.
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health is important for explaining in what context selectivity matters. This could help reconcile why selective

schools have negative or no effects in some contexts and positive effects in others.

2 Institutional Context

2.1 The Norwegian School System

The Norwegian education system consists of four levels: primary school (grades 1–7), middle school

(grades 8–10), high school with academic (grades 11–13) and vocational (grades 11–14) tracks, and college

and university education. Norwegian compulsory education starts at age six years, lasts for 10 years, and

consists of primary and middle school. Compulsory schooling is organized by Norwegian municipalities

and the vast majority (98%) of pupils attend local public schools. The curriculum is identical in all primary

and middle schools, there is no streaming by ability, and all pupils are allocated to schools based on fixed

school catchment areas within municipalities.

While there are no grades in primary school, the school system becomes more competitive from middle

school onward, where exit exams and teacher grades are crucial for admission into the best high schools. At

the end of grade 10, all students obtain a diploma with a total grade point average (hereafter, middle school

GPA). This is the weighted total of all teacher-awarded grades, combined with the grades from written and

oral exams in randomly drawn subjects.2 The middle school GPAs possible range is from zero to 60, where

60 is the best possible grade. Assignment to high schools varies across counties.3 The two largest cities in

Norway—Oslo and Bergen—have varied their intake systems over recent years. In this paper, we consider

those years where they followed a free school choice system with a centralized intake based on the middle

school GPA. That is, we study enrollment in general study programs in high schools located in Bergen from

2006 to 2010 and in Oslo from 2009 to 2010.

In contrast to the compulsory middle schools, enrollment in high schools is voluntary. Nevertheless, all

students aged 16 to 23 years in Norway have a statutory right to enrollment at this level. However, this right

is at the county level and does not ensure enrollment in a specific school or program. First time enrollment in

high school in Norway is high: 98% of students enroll in the first year. Students enroll either in general studies

2The subjects of the teacher-awarded grades are written (two courses) and oral Norwegian, written and oral English, mathematics,
nature and science, social sciences, religion, home economics, physical education, music, and arts and craft.

3Twelve of the 19 counties in Norway had a free school choice system in 2016. In rural counties, geographic criteria still largely
determine student high school choice.
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(50%), in vocational programs (45%), or in alternative training plans (3%). There is, however, considerable

dropout in the second and third years: only 80% of students initially enrolled in general studies programs

graduate. Graduation rates for vocational programs are even lower. Graduating in general studies provides

students with the required qualifications for enrollment in higher education, while students graduating in the

vocational track need to spend an additional year of study before reaching similar qualifications.

Although high school ranks are not important for access to higher education, high school grades and

national exams at the end of high school determine access to higher education. In Norway, the intake to

public higher education follows a centralized admission system based on total grade points from high school

(hereafter, high school GPA). For those graduating high school with a general studies degree, about 40% do

not enroll in any general higher education program.

2.2 High Schools in Oslo and Bergen

There are 15 public high schools in Bergen offering general education programs and 20 in Oslo. For

Bergen, we focus on the five cohorts of students completing middle school between 2006 and 2010. For

Oslo, we consider the two cohorts of students completing middle school between 2009 and 2010.4 During

these periods, assignment to general programs in high school worked through a centralized system where

students ranked schools and education programs, and were then assigned based on their ranked-ordered list

and middle school GPA. Students could rank up to six different schools for enrollment in general studies. The

key feature of this assignment system is that there is a minimum admission score for enrollment in general

studies for each oversubscribed high school. Oversubscribed high school are high schools that receive more

applications than they can accommodate. In the years we study, the majority of high schools in Bergen and

Oslo were oversubscribed for enrollment in general studies, and we observe significant discontinuities in

the rate of enrollment of students at specific cutoff points of the distribution of middle school GPA. This

feature makes it possible to implement a regression discontinuity analysis to assess the effect of enrollment

in general education programs in more or less selective high schools on subsequent health and educational

outcomes.

To help with interpretation, we now briefly describe the Oslo and Bergen high schools. We focus on how

they are similar and how they differ along key dimensions, such as peer and teacher quality and financial

4The health data we are using covers the years 2006–2016 which is why we start with the graduating cohort of 2006 in Bergen.
For Oslo, we start in 2009 because high school assignment was based on geographical criteria rather than on the middle school GPA
for the graduating cohorts between 2006 and 2008.
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resources. High schools in Oslo and Bergen have on average about 540 students per school, and there are

about 15 students per teacher. Resources for high schools are centrally allocated and based on the numbers

of students, and there is variation across schools in both financial and teacher resources. For example, the

top quartile of schools in terms of the students to teacher ratio has just nine students per teacher, while the

lowest quartile of schools have 19.8.5 Similarly, the top quartile of schools in terms of teacher diploma have

about 65% of teachers with a master’s degree, while the lowest quartile of schools have none. Another key

difference across high schools is student ability. The top quartile of schools in terms of student ability have

students with an average middle school GPA of 50, while the lowest quartile of schools has students with an

average GPA of 37.7.6 Because middle school GPA is correlated with gender and family background, we

also observe significant differences in average student characteristics across high schools. Finally, all general

programs offer compulsory core curriculum subjects like languages, natural sciences, and human sciences,

but there is greater variety across schools in the availability of more specialized subjects like music, media,

arts, and sports.

In section 5, we document how school characteristics vary on average at the admission thresholds and

leverage this information on differences in school inputs at the thresholds to provide insights into what school

characteristics may explain the average effects on health and education.

2.3 Health Services in Norway

In Norway, health services are publicly financed and universally accessible for all Norwegian citizens.

The services are organized in two levels: primary care and specialist care. Primary health care is the

responsibility of the municipalities and includes general practitioners, emergency rooms, infant and child

health care centers, school health services, and elderly care. Specialist care is the responsibility of the four

health regions in Norway and it includes somatic specialist care, psychiatric health services, and private

referral specialists.

Primary and Specialist Health Services. General practitioners (hereafter GPs) and local emergency

rooms (hereafter ERs) are the basis of the primary care services. The vast majority of Norwegian citizens

5Note that the students to teacher ratio does not necessarily reflect classroom size, rather the variety of teachers employed by the
school given we measure the number of teachers employed at each school rather than the number of full-time positions.

6Amiddle school GPA of 50 or 37.7 corresponds to the 83rd percentile or the 35th percentile of the distribution of middle school
GPA, respectively.
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belong to a specific GP’s list, and GPs are responsible for providing primary health care services to the

patients on their list. GPs diagnose their patients, certify sick leave, prescribe treatments, and refer their

patients to specialist care when needed. They also follow up on their patient after they have received care in

the specialist system. In general, the GPs serve as gatekeepers to the specialist care system and health-related

welfare benefits.

Most specialist care is provided through public hospitals and outpatient care clinics, but contracted

private specialists can also provide specialist care. In general, the first contact with specialist care takes place

via the referral of the patient by the GP or the ER because it is not possible for a patient to proceed directly

to specialist care within the public health system.

School Health Services. All Norwegian school children and youth are entitled to vaccinations, health

education, and guidance, as well as medical examinations and access to health care professionals when

needed (Helse- og omsorgsdepartementet, 2003). For school-age children, these are responsibilities of the

school health services.7 School health care services are easily accessible to students and are free of charge.

These services are available at school premises during school hours and primarily provided by school nurses.

School nurses are employed by municipalities and not by schools and may provide services to more than one

school simultaneously. Importantly, the school health services are preventive. For curative purposes, the

children are referred to primary or specialist care services (Helsetilsyn, 1998). One exception is that school

nurses are entitled to prescribe birth control pills (free of charge) to young women aged 16–19 years.

There is no systematic registry of the actual use of school health services by students (Abrahamsen et al.,

2019). Survey information from 2013 shows that about 25% of the students in high school use school health

services at least once a year (Bakken, 2018). However, there are substantial gender differences in use: only

about 13% of high school boys consult school nurses at least once a year, but 35% of high school girls. The

most common reason for using school health services during high school are matters regarding sexuality and

contraception.

7Younger children receive these services in child health care centers that also provide pre- and postnatal services for mothers
and newborns.
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3 Data and Empirical Strategy

3.1 Data

The data for this paper is compiled from several Norwegian administrative records, including the national

educational registers, tax records, family registers, and health registers. We consider the sample of students

that completed 10th grade between 2006 and 2010 in Bergen and in 2009 or 2010 in Oslo. In total, our

sample comprises 19,932 individuals attending 87 different middle schools.

3.1.1 Demographic and Socioeconomic Information

The demographic and socioeconomic information is from registers covering the entire resident population

in Norway up to 2014, which includes information such as the year and month of birth, gender, immigration

status, municipality of residence in each year, and highest educational attainment. Information on earnings

is from the tax registers. All registers include unique identifiers, and the population register specifies unique

identifiers for the parents of each individual. This enables us to recover for each individual and his/her

parents all relevant socioeconomic information.8

3.1.2 Schools and Educational Data

Information on enrollment in middle school, high school, and university is from the national educational

registers and is available up to 2014. For each individual in our sample, we observe the middle and high

schools attended, as well as the track in which the student enrolled, and the degrees, if any, completed.

Educational choices and attainments are reported by the schools directly to Statistics Norway, thereby

minimizing any measurement error from misreporting. For each student, we also observe the 10th grade

GPA and the GPA upon completion of high school. Finally, these registers contain information about whether

individuals enrolled in college up to four years after completion of middle school, including those who enroll

in college immediately after graduating from high school or following a gap year.

For each high school, we have information about its staff from the Social Security records. This

information allows us to construct proxies for teacher quality and school financial resources. In particular,

we specify variables indicating the share of teachers with a master’s degree, the average age of teachers,

8Both parental income and education are measured when students complete grade 10. For parental income, we specify the sum
of the earnings of the mother and father. For parental education, we create an indicator variable taking a value of one if at least one
parent completed a higher education degree.
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the proportion of female teachers, students per teacher, students per non-educational staff, and the number

of students per program. We also use information on student characteristics and high school enrollment to

construct variables indicating for each student the average characteristics of peers in high school, such as the

middle school GPA of peers, gender, parental education, and parental income.

3.1.3 Health Data

Information on visits to GPs and ERs is from the Control and Payment of Health Refunds database

(acronym KUHR in Norwegian), which is available between 2006 and 2016. GPs and ERs are obliged to

report all consultations and relevant International Classification of Primary Care (ICPC-2) codes to this

national claims database to receive payment. ICPC codes convey information about the GPs’ assessment of

the patient’s health problems and the type of care provided. Specifically, each ICPC code ismade of one letter,

indicating where the symptoms or diseases are located in the body, and two numbers indicating whether

the GPs assessed health symptoms, diseases, prescribed a screening or preventive procedure, prescribed

medication or treatments, analyzed test results, or performed an administrative task.9

Using this information, we constructed variables indicating whether and how many times each student

visited a GP or ER between middle school completion and up to six years later, that is during the three years

of high school and the first three post-high school years. In addition, as a selective school environment may

have specific impacts on mental health issues, we constructed for each student a variable indicating whether

during any consultation a GP assessed psychological symptoms or disease (ICPC codes beginning with the

letter “P”).10 When constructing these variables, we consider academic rather than calendar years, that is,

we consider for each year C visits between August C and July C + 1.

3.2 Cutoff Admission Scores

Our data provide detailed information on student demographic characteristics, school environment,

health, and education. However, we do not have information on student applications to and rankings of high

schools. As a result, it is not possible directly to identify high school admission thresholds from the data.11

9See Appendix B for the list of ICPC-2 codes.
10Note that we do not know whether students are diagnosed or treated for a psychological issue for the first time because we only

observe GP and ER visits since 2006.
11Unlike admissions to universities, which follow a nationwide assignment mechanism used in Kirkeboen et al. (2016), at high

school level the admission system is decentralized at the county level. Unfortunately, we do not have information on student
applications in these decentralized systems.
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We, therefore, build on the methodology in Hansen (2000) to overcome this issue. This method was recently

used by Hoekstra (2009) to identify admission thresholds and estimate the effect of going to a flagship

university in the US and by Landaud et al. (2018) to study the effect of enrollment in selective Parisian

high schools.12 In addition, Porter and Yu (2015) show that this procedure can be used in combination

with a standard regression discontinuity (RD) analysis without further adjustment or assumptions. In short,

we identify schools for which there exists a significant positive discontinuity in enrollment rates and the

procedure selects for each school the threshold that minimizes the number of incorrectly assigned students

(i.e., enrolled students below the threshold or unenrolled students above the threshold).

In practice, for each cohort and high school in Bergen, we focus on the sample of 10th graders in

Hordaland county (the county where the city of Bergen is located). For high schools in Oslo, we consider

the sample of 10th graders in Oslo county. For each value 6 of the 10th grade GPA score distribution, we

define a dummy which takes a value of one if student’s 8 score, 58 , is greater than or equal to the cutoff score

6, �6

8
= 1 [ 58 ≥ 6]. For each high school I in year C, we estimate the following regression for each value 6

(omitting subscript C):

�8I = U + kI�
6

8
+ Y8I , (1)

where �8I takes a value of one if student 8 enrolls in high school I in year C, and zero otherwise. For each high

school I in year C, we select as admission cutoff, 5I , the value of the 10th grade GPA score 6 that maximizes

the '2 of equation (1) with a significantly positive k̂I . Further, we exclude a few admission thresholds with

very small estimated discontinuities in enrollment rates around these cutoffs.13 For each oversubscribed high

school I, we then define the subsample of 10th graders whose middle school is located within eight kilometers

of I.14 Then, for each student, we define his/her GPA score-distance 58 − 5I to the cutoff admission score of

high school I, and we use regression discontinuity analysis where we pool all subsamples of students and

12This approach has also been used in other settings, such as testing for discontinuities in the dynamics of neighborhood racial
composition (see e.g., Card et al., 2008), or evaluation of social programs (see e.g., Carneiro et al., 2019).

13From the 105 estimated cutoffs, we exclude 21 with estimated discontinuities in enrollment rates below 0.015 percentage points,
obtaining 84 oversubscribed high schools during the period of interest. In detail, we obtain 11 oversubscribed high schools in
Bergen in 2006, 2008, and 2010, 10 in 2007, and 12 in 2009. For Oslo, we obtain 14 oversubscribed high schools in 2009 and 15 in
2010. Within each city and year, the admission cutoffs vary on average by two points between every two high schools of adjacent
selectivity level.

14We use this criterion to maximize our first stage results because Fack et al. (2019) provide evidence that geographical proximity
is a strong driver of student preferences over high schools. In addition, about 90% of students graduating from middle schools
located in Bergen or Oslo during the years of interest and enrolled in general studies went to high schools located within eight
kilometers of their middle school. The results are robust with respect to longer or smaller distance criteria when constructing the
working sample.
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use 58 − 5I as a running variable.

3.3 Empirical Approach

To estimate the effects of a more selective school environment, following Lee and Lemieux (2010), we

implement a standard regression discontinuity analysis where we compare students whose middle school

GPA fell either just above or below the admission threshold of an oversubscribed high school. For each

educational or health outcome .8 in our data, we start by estimating the following model (omitting subscript

C):

.8 = X + U1 { 58 − 5I ≥ 0} + [
(
5I − 58

)
+ _

(
58 − 5I

)
× 1 { 58 − 5I ≥ 0} + -8W + lI + D8 , (2)

where 58 − 5I measures the distance in points between school I’s admission threshold and student 8’s middle

school GPA. -8 is a set of control variables, which includes student age, gender, family background, and

average GPA in grade 10 in mathematics and Norwegian. We also include as control variables a full set of

cutoff dummies, lI , and D8 represents the unobserved determinants of student health and education. Under

the maintained assumption that there is no discontinuity in the distribution of D8 at the cutoffs, the parameter

U can be interpreted as the causal effect of eligibility for admission in a more selective high school on the

outcome .8 . The standard errors are clustered at the individual level, and we exclude students whose middle

school GPA fell within 0.1 points of the admission thresholds from the analysis to avoid measurement error

issues due to estimated cutoffs. We follow Calonico et al. (2014) to choose an optimal bandwidth around

admission thresholds, which is 5.19 points. Finally, we use a triangular kernel centered on the admission

cutoffs. In the following sections, we show that our results are robust to alternative functional forms,

bandwidths, and sets of control variables.

Because we study the effects on a relatively large number of potentially correlated outcomes, we test

which of the estimated impacts survive adjustment for multiple hypothesis testing. We use the procedure in

algorithms 4.1 and 4.2 of Romano and Wolf (2005), which account for testing several hypotheses simulta-

neously. Romano and Wolf (2005) propose an iterative rejection/acceptance procedure for a fixed level of

significance. We use 1,000 block-bootstrap replications to obtain the adjusted critical values (the block is

the individual). The result tables indicate whether the coefficients remain significant at a level of 1, 5, or 10

percent after using this procedure.
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In our context, the mapping from eligibility to enrollment is not one-to-one because students may not

effectively enroll in the high schools for which they are eligible due to, for example, preferences for other

programs or locations. Therefore, we present instrumental variable (IV) estimateswhere enrollment in a given

selective high school is instrumented with eligibility for enrollment in this high school (Hahn et al., 2001).

Note that these results should be interpreted cautiously because IV requires that the exclusion restriction and

monotonicity hold.15 Eligibility for a more selective school increases enrollment to a preferred school, but

could also have indirect effects via changes in psychological factors such as aspirations and disappointment.

We provide suggestive evidence that this is unlikely to be a major factor in that the estimated effects on

mental health appear mostly after high school, and thus do not reflect the mere short-term effect of enrolling

(or failing to enroll) in a preferred school. We also emphasize that we estimate the IV on a set of compliers

that may have different characteristics than the average students at the thresholds.

Descriptive Statistics. Table A1 provides descriptive statistics for the students in our working sample.

For the sake of comparison, the table includes three samples: all students completing 10th grade in Norway

between 2006 and 2010, students completing 10th grade in the county of Hordaland (where the city of

Bergen is located) between 2006 and 2010 and in Oslo in 2009 and 2010, and our regression discontinuity

sample. The main takeaway is that the average student in Hordaland or Oslo (Column (3)) is comparable

to our RD sample of students (Column (5)). However, when compared with the average student in Norway

(Column (1)), we can see that students in Oslo and Bergen are positively selected on educational outcomes

and demographic characteristics. For example, students in Oslo and Bergen area in our RD sample specialize

more often in the general education track compared with the average student in Norway. In addition, these

students have better-off peers with higher middle school GPAs. They are also more likely to graduate from

high school and enroll in higher education up to four years after commencing high school. Interestingly,

students in Oslo and Bergen and our RD sample are as likely to visit a GP or an ER as the average student

completing 10th grade in Norway. There are also no differences in the use primary health care services or

likelihood of being diagnosed or treated by GPs for mental health problems.

In section 4, we present the results for the RD sample, and, in addition, separately by the level of school

selectivity, where schools with high (low) selectivity levels are schools whose admission threshold fell in the

15Violations of the monotonicity assumption are unlikely in our setting because this would mean that students eligible to enroll
in a more selective school are less likely to enroll in the more selective school compared with the lower-ranked school. In addition,
strong first stages (results available upon request) across subgroups support the monotonicity assumption.
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top (bottom) half of the distribution of cutoffs by city and year.

3.4 Tests of Identifying Assumptions

Students just above and below the cutoffs differ in their eligibility to enroll in a more selective high school,

but we assume that they are similar in all other (observable and unobservable) predetermined dimensions.

Below, we present evidence for the validity of our identification assumption.

Strategic Manipulation around Cutoff. One threat to identification would be that students willing to

enroll in specific high schools manage to earn a score just above the admission thresholds. To provide

empirical evidence that there is no strategic manipulation of the running variable at the cutoffs, Figure A1

presents the results when implementing the density tests suggested in McCrary (2008) on the full sample

and separately by selectivity level. The panels in the figure illustrate that the density of the running variable

is continuous at the cutoffs for the three samples, providing evidence supporting our identifying assumption.

Covariate Balance. Further, to assess the validity of our identification assumption of no discontinuity

in unobserved determinants of students’ health and education at the cutoffs, Table A2 reports the results

of estimating model (2) using student baseline characteristics such as gender, nationality, and parental

background as dependent variables.16 Consistent with our identification assumption, we do not observe

systematic discontinuities in the predetermined characteristics of students whose middle school GPA fell just

above or below the admission threshold of an oversubscribed high school. This is shown in Figure A2 in the

Appendix including the corresponding graphical estimates of model (2), excluding controls -8 and lI , for

the three samples we examine. The last row of each panel in Table A2 presents the �-test of joint significance

obtained from regressing the eligibility dummy 1 { 58 − 5I ≥ 0} on the full set of baseline variables. The

�-tests presented in each panel suggest that there is no systematic manipulation around the cutoff because

they do not reject the null hypothesis that the coefficients are jointly equal to zero.

The finding that student characteristics are continuous around admission thresholds is not very surprising

in the setting we consider in that school admission cutoffs are ex ante impossible to predict precisely or

manipulate. On average, school admission thresholds vary by 3.4 points from one year to the next, and they

16When estimating model (2) for balancing tests, we include a full set of cutoff/year dummies as control variables but do not
control for student baseline characteristics.
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are jointly determined by the preferences and middle school GPAs of all 10th graders in Hordaland or Oslo,

which are unknown at the time of application.

Note that the results reported in Table A2 and Figure A2 do not rule out that the average ability of student

peers varies discontinuously at the thresholds, along with other characteristics of peers and the school

environment. For example, a more selective school might be able to attract better teachers. In section 5, we

discuss this in detail and attempt to quantify whether the changes in a high school’s environment at the cutoff

explains the effects of enrollment in a more selective high school on student education and health.

4 Empirical Results

In this section, we first investigate how eligibility for enrollment in a more selective school affects actual

enrollment. We then turn to consider the impacts on subsequent education and health.

4.1 First Stage Results

Figure 1 presents our first stage results, that is, the effect of eligibility for enrollment in a more selective

school on actual enrollment in this high school. For each figure, the solid lines plot the fitted regression

lines after estimating model (2) without controls for student baseline characteristics or cutoff dummies

(i.e., -8 and lI). The plotted points are the conditional means of the dependent variable for students in a

one-unit binwidth. At the top of each figure, we report the estimated U, which is the estimated effect of

eligibility for enrollment in a more selective high school on actual enrollment, and its standard error. There

is one figure for each sample under consideration: the whole sample (Panel a), students located around the

admission thresholds of schools with above-median selectivity level (Panel b), and students located around

the admission thresholds of schools with below-median selectivity level (Panel c). The three figures depict

a significant increase in enrollment probability at the cutoffs. More precisely, the figures show that the

enrollment probability of students is close to 2% below admission cutoffs, and increases by about eight

percentage points for students scoring just above the cutoffs.17 This indicates that a significant share of

students wants to attend a more selective school when offered this opportunity, and student willingness to

attend more selective schools is somewhat higher for schools with higher selectivity levels.18 The estimates

17Note that one reason why the enrollment probability is not zero below the cutoff is that students with special needs (e.g., physical
disabilities) may be accepted with a lower GPA to the geographically closest school.

18Recall that we do not know individual student preferences, hence many students could have preferences for other programs or
school locations, explaining why enrollment is not increasing even more at the threshold.
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for U in model (2) in Column (1) in Table 1 confirm these results.

4.2 Educational Outcomes

Figure 2 and Figure 3 present the estimated effects of eligibility for enrollment in a more selective

school on the subsequent education of students. We focus on two outcomes: high school graduation in the

general track and enrollment in general higher education, either on time or after a gap year. Figure 2 shows

a discontinuity of 2.4 percentage points at the cutoff on the likelihood of high school graduation, driven

entirely by the most selective high schools (Panel b). Figure 3 exhibits no average impact on enrollment

in higher education (Panel a). However, there is an increase of 2.9 percentage points for the most selective

high schools (Panel b). Columns (2) and (3) in Table 1 confirm these results. Note that the main findings

remain significant after accounting for multiple hypothesis testing using the procedure described in Romano

and Wolf (2005).19

Our finding that eligibility for enrollment in a more selective school has positive effects on student

educational outcomes differs from previous studies showing that elite school attendance in the US does

not affect educational outcomes (see e.g., Abdulkadiroğlu et al., 2017, 2014; Dobbie and Fryer Jr, 2014)).

However, it is in line with Pop-Eleches and Urquiola (2013) and Jackson (2013) who also consider nonelite

settings and document the positive effects of attending more selective schools.20 Hence, our focus on

nonelite high schools—implying that the marginal students differ by context—may be an explanation for the

differences in effects compared with the US. Other features of the education system, such as the centralized

admission system to higher education in Norway, may also play a role in our findings. In particular, student

ranks within their class or school are not of direct importance for access to higher education because only

their rank in the national high school GPA distribution is crucial for the centralized admission system. This

setting is different from the setting in the US or France where rank in a class or school is a central factor in

college applications (Dobbie and Fryer Jr, 2014; Landaud et al., 2018).

Columns (1) and (2) in Table A3 in the Appendix present the IV estimates, where we rescale the

intention-to-treat estimates by the probability of enrollment in a selective high school upon gaining eligibility

for enrolment. Panel A shows that enrollment in a more selective high school increases the probability of

19The effects on educational outcomes are greater for boys and for the children of less-educated parents, although the differences
are not significant (see Table A9).

20Even for the sample of above-median selectivity, we cover a large part of the GPA distribution. The more selective school
admission cutoffs are located between the 39th and the 97th percentiles of the test score distribution after middle school in the areas
of interest and on average located around the 63rd percentile.
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high school graduation and enrollment in higher education by 28 and 19 percentage points, respectively.

While these estimates are large, the results are quite imprecise, and we cannot rule out quite modest effects.

In most cases though, the IV estimates are statistically different from zero for the same outcomes as the

reduced form effects. As discussed in subsection 3.3, we should interpret these results cautiously for several

reasons. First, while the effects sizes are large in magnitude, the confidence intervals are also large and so

we cannot rule out quite modest effects. Second, the compliers may differ from the average student around

the discontinuity. Lastly, there could be violations of the exclusion restriction if eligibility operates through

mechanisms other than enrollment. However, the fact that we find that many of the impacts evolve after high

school suggests that this is likely not the main driver.

4.3 Health Outcomes

Next, we analyze the impacts of eligibility for enrollment in a more selective school on student health

during and following high school. We first focus on the probability and number of visits to GPs or ERs. We

then split the visits into two types: visits during which patients are diagnosed or treated for a mental health

issue (i.e., ICPC-02 codes beginning with a “P” as described in Appendix B) and visits for other health

assessments or treatments. Figure 4 depicts no discontinuities around the eligibility cutoffs in the probability

of consulting with GPs or ERs (for any type of visit) during the six years after middle school graduation.

However, Figure 5 shows a reduction of 1.7 percentage points in the likelihood of being diagnosed or treated

for a mental health problem during GP or ER visits (Panel a). Individuals gaining access to high schools with

above-median selectivity levels (Panel b) drive this fall. The estimates in Columns (4)–(7) in Table 1 present

the corresponding point estimates for U in model (2). As shown, the estimated effect on mental health is

driven by female students (see Column (5) in Table A9) and is stronger post high school (see Table A5).21

In Table 2, we examine the use of primary health care services in detail. In particular, we use the

ICPC-2 codes to classify the different types of mental health problems, and create four categories: anxiety or

depression symptoms and diseases, substance use, hyperkinetic disorders, and other psychological symptoms

or disorders (see Table A4 for the classification of mental health conditions).22 As shown, the reduction in

21Columns (3) and (4) in Table A3 in the Appendix present the corresponding IV estimates, carrying with them the same
cautiousness in interpretation as discussed for educational outcomes. Enrollment in a more selective high school instrumented by
eligibility reduces the likelihood of being diagnosed or treated by a GP or an ER for psychological symptoms and diseases by 21
percentage points.

22We bundle anxiety and depression together given the possibility of co-diagnoses and common treatments for both conditions
(see, e.g., Pratt et al. (2017)). Hyperkinetic disorders include inattention, overactivity, and impulsivity. They include a variety of
attention disorders such as attention deficit disorder (ADD) and attention deficit hyperactivity disorder (ADHD).

17



visits with depression or anxiety drives the reduction in the likelihood of consultations with mental health

diagnoses or treatments. Note that this finding remains significant after adjusting the inference for multiple

hypothesis testing.

4.4 Robustness Checks

To assess the robustness of our results, we check whether our main findings are sensitive to the choice of

control variables, to different functional forms, to alternative bandwidths, and to focusing separately on the

two cities we consider.

In our main specification, model (2), we control for several predetermined individual characteristics. In

Table A6 we check that our main findings are robust to excluding these control variables, or to selecting a

smaller set of control variables. Table A6 presents estimates for five outcomes: high school enrollment, high

school graduation, enrollment in higher education, the probability of visits to GP/ER, and the probability

of mental health diagnosis or treatment. For each outcome in Table A6, the first column does not include

controls for the predetermined individual characteristics. In the second column, we select relevant control

variables using the double lasso procedure suggested in Belloni et al. (2013). The point estimates remain

nearly unchanged relative to our baseline results.

In addition, the estimates reported in Table A7 show that our main findings are robust to different

functional forms for the running variable. Our preferred model controls for a linear spline function of the

running variable with triangular weights. Table A7 presents the results with alternative functional forms for

each of the five main outcomes. For each of the outcomes in Table A7, we allow for cutoff-specific trends

when estimating model (2) in the first column. In the second column, we follow Lee and Lemieux (2010)

who propose goodness-of-fit tests as an ancillary means to select an optimal polynomial function. In the

third column, we employ nonparametric estimations using local linear regressions. The results are again

similar to our baseline estimates.

In Figure A4, we report the point estimates and confidence intervals for our main outcomes for a wide

range of bandwidths. The estimates show that our baseline estimates are highly robust to the choice of

bandwidths in the neighborhood of the optimal bandwidth (i.e., the bandwidth that minimizes the mean

square error).

Last, we turn our attention to see if a particular city is driving our main results. Table A8 presents

estimates for U in equation 2 separately for each city (Bergen and Oslo). The estimates for U are similar
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for both cities, suggesting that the main findings are not driven by one city alone. This provides suggestive

evidence regarding the external validity of our results across cities.

There are different explanations for our estimated impacts on mental health. More selective schools

could have an incapacitation effect if, for example, students have to study longer hours in more selective

schools and do not have time to visit health services. This does not appear as a likely mechanism because

we do not find any impact on the extensive or intensive margin of visits to GP/ER (Columns (4) and (5)

of Table 1). Alternatively, our effects could reflect differences across schools in the availability or quality

of school nurses.23 To shed light on this potential mechanism, we evaluate year by year how GP or ER

consultations with a psychological diagnosis or treatment vary across our sample. If school nurses were

substitutes for psychological consultations during high school years, we would expect a sharp rise in the

number of consultations with a psychological diagnosis or treatment after high school graduation (i.e.,

between year three and year four post-middle school graduation). Figure A3 in the Appendix reports the

prevalence of mental health diagnoses or treatments upon GP/ER visits in our sample for each year after

middle school graduation. The figure depicts a stable increase in the prevalence of primary health services

with mental health diagnoses or treatments, which provides suggestive evidence that school nurses do not

seem to act as substitutes for GP/ER visits. Finally, in our setting, gaining access to a more selective school

also implies gaining access to a preferred school. As discussed earlier, our estimated effects on mental health

appear mostly after high school (see Table A5), providing suggestive evidence that our effects do not reflect

the mere short-term effect of enrolling (or failing to enroll) in a preferred school. Overall, our results do

not seem driven by incapacitation effects, differences in the supply of health services, nor do they seem to

link to a short-term feeling of success or failure. Rather, our results suggest that a more selective schooling

environment is protective of (female) mental health. It is still possible that students perceive a more selective

high school environment as more stressful, but our results suggest that the positive aspects of a more selective

environment outweigh any potential increase in school pressure.

In section 5, we turn to studying whether peer and teacher characteristics or other school features vary

discontinuously at the thresholds and whether these changes in school characteristics help to explain the

effects on student mental health and longer-term educational outcomes.

23As discussed in Section 2.3, school nurses are employed by municipalities not by schools.
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5 Suggestive Mechanisms

Although all public Norwegian high schools follow a similar national curriculum, high schools vary along

several dimensions. Because high school assignment is based on middle school GPA, student average ability

varies significantly from one high school to another. Further, as a student’s middle school GPA is correlated

with their gender and family background, the proportion of female students and student parental backgrounds

may also vary significantly across high schools. In addition, schools are independent in their hiring decisions

resulting in a heterogeneous distribution of teacher characteristics across schools. Moreover, the allocation

of financial resources to schools depends on the number of students, so that financial resources also vary

by school size. To provide insights into what features of the schooling environment may influence student

health and education outcomes, we also investigate changes in school characteristics at the thresholds. In a

second step, we implement a heterogeneity analysis where we estimate our regression discontinuity model

for each admission threshold and each school feature separately. This helps us to consider whether changes

in longer-term educational choices and health outcomes are larger when students gain eligibility to schools

where peer characteristics, teacher characteristics, or school resources change by a larger margin at the

admission threshold.

First, Table 3 documents changes in peer characteristics at the threshold. Panel A of Table 3 shows

that eligibility for enrollment in a more selective school improves the ability level of peers, increasing peer

average middle school GPA by 4.4% of a standard deviation.24 Just above the threshold, peers also have

more educated parents with higher income levels. In contrast, we do not identify differences in the gender

composition of peers on average (Panel A). The estimated impacts on peer ability are similar for high schools

in the top and bottom halves of the selectivity distribution (Panels B and C). However, eligibility to enroll in

a more selective school increases the share of female peers for the top half of the selectivity distribution but

does not change peer parental background. On the contrary, there is no effect on the share of female peers,

but a significant impact on peers’ parental income and education for schools with lower selectivity levels.

Next, we explore how eligibility for enrollment impacts the high school educational program and school

and teacher characteristics (see Table 4). The estimates in Columns (1) and (2) show that eligibility to enroll

in a more selective high school increases the likelihood of enrolling in the general track, and correspondingly

decreases the probability of enrolling in the vocational track. There are no impacts on high school programs

24For each student, we computed the average standardized middle school GPA among students enrolled in the same track and
high school in August following middle school completion.
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around the cutoffs of highly selective high schools (Panel B); instead, schools in the bottom half of the

selectivity distribution (Panel C) appear to drive this program substitution.

Then, we study school financial resources and the number of teachers and staff members per student. As

discussed, the central allocation of financial resources is to schools based on the number of students. Hence,

we proxy financial resources by the number of students enrolled in the same program-cohort. The estimates

in Column (3) show that eligibility to enroll in a more selective high school is associated with 4.76 extra

students in each student’s own program at the cutoff (i.e., about 7% of the control mean). This appears driven

by high schools in the bottom half of the selectivity distribution. Eligibility to enroll in a more selective

high school also decreases the number of students per teacher but does not change the number of students

per nonteaching staff (Columns (4) and (5)).

Lastly, we consider variations in teacher characteristics. In particular, we study whether eligibility to

enroll in a more selective school changes the proportion of teachers with a master degree, the average age of

high school teachers, and the proportion of female teachers. Panel A shows no significant discontinuities in

teacher characteristics, expect for the proportion of female teachers.

In sum, enrollment in a more selective high school not only directly affects the characteristics of the peers

with whom students interact but also the types of programs in which students enroll, the characteristics of

their teachers and their number, and the financial resources of their school. The impacts on peers, teachers,

and resources vary across the selectivity distribution and motivate the next section where we use these

variations to explore the most likely mechanism driving our estimates.

5.1 Heterogeneity Analysis by Changes in School Inputs at the Thresholds

5.1.1 Empirical Approach

To further our understanding of selective school effects on education and health, we develop a hetero-

geneity analysis, which makes use of the fact that we have 84 different admission cutoffs with variations

in how school characteristics change around these cutoffs. In our setting, for each admission threshold,

the magnitude of the estimated eligibility effects on school inputs depends on two parameters: (1) the

characteristics of the high school corresponding to the admission threshold under consideration and (2) the

characteristics of high schools with lower selectivity levels. In this section, we analyze whether we obtain

larger estimated effects on health and education around thresholds with larger changes in peer characteristics,
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teacher characteristics, or other school features.

We restrict the analysis to two outcomes of interest: student enrollment in higher education and the

probability of diagnosis or treatment of students by GPs or ERs for psychological conditions. We consider

11 different school inputs: the average middle school GPA of peers, the proportion of female students among

high school peers, the parental education of peers, peers’ parental income, the proportion of teachers with

a master degree, the average age of teachers, the proportion of female teachers, the number of students per

teacher, school size, the number of students per nonteaching staff, and student probability of enrolling in the

general track. For each admission threshold I and each school input <, we estimate our standard RD model

described in the previous section:

.<,I,8 = X<,I + U<,I1 { 58 − 5I ≥ 0} + [<,I

(
5I − 58

)
+ _<,I

(
58 − 5I

)
× 1 { 58 − 5I ≥ 0} + -8W + D<,I,8 . (3)

The only difference relative to model (2) is that we estimate model (3) for each admission threshold

separately, rather than pooling all admission thresholds with cutoffs by year fixed effects. For each school

input and each admission threshold, we obtain the estimated parameters �U<,I , which indicate the magnitude

of the variation in the school input < around the admission threshold I. For each school input separately, we

then divide the sample depending on whether the estimated effect on the input under consideration is above

or below the median estimated effect, �U<,I .

For each outcome and school input, we then estimate our basic RD model separately on subsamples

characterized by the magnitude of the change in the school input under consideration at the thresholds. We

use this heterogeneity analysis to respond to the following question: do larger changes in peer characteristics

or teacher characteristics or in other school features coincide with greater estimated effects on student

education and mental health?

5.2 Findings

Figure 6 provides the results of our heterogeneity analysis. First, Panel a in Figure 6 documents that

there are significant differences in how each school input varies at the thresholds. Along all the dimensions

we consider, the average change at the threshold in the input under consideration is significantly different

for schools with a below- or above-median change. For example, for one group of schools, eligibility for

22



enrollment in a more selective school implies an increase in the share of female peers, while it implies a

decrease in the share of female peers in the second group of schools. Similarly, for one group of schools,

eligibility for enrollment in a more selective school implies an increase in the ratio of students per teacher,

but a decrease in this ratio for the second group of schools.

Panel b of Figure 6 reports the RD results on enrollment in higher education using the same subsamples

as in Panel a. This figure documents two significant differences: larger changes in the student–teacher ratio

and the age of teachers coincide with larger estimated effects on enrollment in higher education. Panel

c of Figure 6 reports the results for the probability of diagnosis or treatment by a GP for psychological

symptoms or diseases. We identify significant differences in the estimated effects depending on the changes

in the proportion of female teachers. By contrast, we find no empirical evidence that larger changes in

peer ability or gender are important drivers of the results for education or health outcomes. Overall, our

heterogeneity analysis suggests that changes in teacher characteristics are probably important to explain the

observed positive impacts of attending a more selective high school.

Note that this analysis is only descriptive and that we should not interpret the findings as causal effects.

The estimates are also not fully robust to the adjustments for multiple hypothesis testing. Moreover, the

analysis does not exclude alternative mechanisms such as changes in student ambitions or confidence in the

future.

6 Conclusion

This paper provides new insights into the relationship between the selectivity of the schooling environment

and student educational outcomes and mental health. To identify causal effects, we build on the features

of the high school assignment system in the two largest Norwegian cities, where the assignment of middle

school students to high school is through a centralized process that gives priority to students with the best

average middle school grades. This assignment system enables a regression discontinuity analysis, where we

compare the education and health outcomes of students that are similar at the end of middle school but are

eligible to enroll in more or less selective high schools. The direction of the effect on health and education

outcomes is theoretically ambiguous. On the one hand, a selective school environment might be a stressful

experience for marginal students and increase their (mental) health problems. On the other hand, a more

selective school with better peers and different teachers might be an inspiring experience that opens up new
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perspectives and improves student (mental) health in both the short and long term.

Our results show that eligibility for enrollment in a more selective school significantly improves school

outcomes, increasing the likelihood of both high school completion and enrollment in higher education. In

addition, we document that the eligibility to enroll in a more selective school does not affect the overall

use of primary care services up to six years after high school completion, but does decrease a student’s

likelihood of diagnosis or treatment by a GP for mental health issues. These estimated effects on education

and mental health appear driven by access to schools in the top half of the selectivity distribution, whereas

female students drive the health effects.

Our heterogeneity analysis exploiting the 84 different admission cutoffs reveals that larger changes in

the student–teacher ratio and age of teachers coincides with larger estimated effects on enrollment in higher

education, and that larger changes in the share of female teachers coincide with larger estimated effects on

student mental health. Overall, our heterogeneity analysis suggests that changes in teacher characteristics—

and not necessarily peer characteristics—could be important for explaining the effects of a more selective

school environment for a student’s subsequent education and health.

An important open question for future research concerns the relationship between the estimated effects

on health and educational outcomes. Do students graduate more from high school and enroll more in

higher education because they are in better health (especially better mental health), or are they in better

health because they are boosted by better educational prospects? Previous literature analyzing the effect

of increases in compulsory education or changes in school tracking suggests that there are positive effects

of expanding compulsory schooling on women’s mental health and particularly self-reported depressive

symptoms (Böckerman et al., 2019; Crespo et al., 2014; Dursun and Cesur, 2016). A question remains

whether better educational prospects by the end of high school have similar positive effects on mental health.

Alternatively, it could also be the case that similar improvements in school inputs drive both health and

longer-term educational outcomes, even if they do not affect each other. For example, Elsner and Isphording

(2017) argue that the ordinal ability rank of students in their cohort, which is negatively impacted when

students gain eligibility to a more selective school, is an important determinant of engaging in risky behaviors

that can impact both educational and health outcomes.

Besides complementing the existing literature on the effects of school selectivity on educational outcomes,

we provide new knowledge on the relationship between school selectivity and mental health, and demonstrate

that access to more selective schools decreases the risk of mental health problems. While a selective school
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environment might still be a stressful experience for marginal students, our results suggest that the positive

effects of enrolling in a more selective school outweigh this extra pressure over the long term.
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Figure 1 – Enrollment probability
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(c) Lower selectivity levels
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Note: These figures plot the point estimates of U from equation (2) using a linear trend specification and triangular
weights. The standard errors for the point estimates are clustered at individual level. The dashed lines are 95
percent confidence intervals. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 2 – High School Graduation
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Note: These figures plot the point estimates of U from equation (2) using a linear trend specification and triangular
weights. The standard errors for the point estimates are clustered at individual level. The dashed lines are 95
percent confidence intervals. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 3 – Enrollment in Higher Education
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Note: These figures plot the point estimates of U from equation (2) using a linear trend specification and triangular
weights. The standard errors for the point estimates are clustered at individual level. The dashed lines are 95
percent confidence intervals. *** p<0.01, ** p<0.05, * p<0.1.

32



Figure 4 – Probability of Consulting with a GP or an ER
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Note: These figures plot the point estimates of U from equation (2) using a linear trend specification and triangular
weights. The standard errors for the point estimates are clustered at individual level. The dashed lines are 95
percent confidence intervals. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 5 – Probability of being Diagnosed or Treated for a Mental Health Issue

(a) All (b) Higher selectivity levels

(c) Lower selectivity levels

Note: These figures plot the point estimates of U from equation (2) using a linear trend specification and triangular
weights. The standard errors for the point estimates are clustered at individual level. The dashed lines are 95
percent confidence intervals. *** p<0.01, ** p<0.05, * p<0.1.
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