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Executive summary

This thesis empirically investigates three important topics in the literature on

Economics of Education: the evaluation of returns to special education programs for

students with special needs in inclusive and segregated education settings, the im-

pact of gifted students on their classroom peers, and, finally, the estimation of peer-

effects models that flexibly account for the mutual influence of many peer groups.

Chapter 1 addresses the lack of empirical evidence on academic outcomes and

labor market returns to special education. I present results from the first ever study

to examine short- and long-term returns to special education programs with causal

machine learning and computational text analysis methods. I find that special ed-

ucation programs in inclusive settings have positive returns in terms of academic

performance as well as labor-market integration. Moreover, I uncover a positive ef-

fect of inclusive special education programs in comparison to segregated programs.

This effect is heterogeneous: segregation has least negative effects for students with

emotional or behavioral problems, and for nonnative students with special needs.

Finally, I deliver optimal program placement rules that would maximize aggregated

school performance and labor market integration for students with special needs at

lower program costs. These placement rules would reallocate most students with

special needs from segregation to inclusion.

Chapter 2 investigates the causal impact of intellectually gifted students on

their nongifted classmates’ school achievement, enrollment in post-compulsory ed-

ucation, and occupational choices. Using student-level administrative and psycho-

logical data, we find a positive effect of exposure to gifted students on peers’ school

achievement in both math and language. This impact is heterogeneous: larger ef-

fects are observed among male students and high achievers; female students benefit

primarily from female gifted students; effects are driven by gifted students not di-

agnosed with emotional or behavioral disorders. Exposure to gifted students in-

creases the likelihood of choosing a selective academic track and occupations in

STEM fields.

Chapter 3 is an empirical exploration of peer effects in a systematic way. The

majority of peer-effect studies in education have focused on the effect of one par-

ticular type of peers on classmates. This view fails to take into account the reality

that peer effects are heterogeneous for students with different characteristics, and

that there are at least as many peer effect functions as there are types of peers. We



develop a general empirical framework that accounts for systematic interactions be-

tween peer types and nonlinearities of peer effects. We use machine-learning meth-

ods to (i) understand which dimensions of peer characteristics are the most predic-

tive of academic performance, (ii) estimate high-dimensional peer effects functions,

and (iii) investigate performance-improving classroom allocation through policy-

relevant simulations. First, we find that students’ own characteristics are the most

predictive of own academic performance, and that the strongest peer effects are gen-

erated by students with special needs, low-achieving students, and male students.

Second, we show that classroom peer effects reported by the literature likely miss

important nonlinearities in the distribution of peer proportions. Third, we deter-

mine that classroom compositions that are the most balanced in students’ character-

istics are the ones that reach maximal aggregated school performance.



Zusammenfassung

In dieser Dissertation werden drei wichtige Themen der bildungsökonomischen

Literatur empirisch untersucht: die Bewertung der Bildungsrendite von Sonderschulpro-

grammen für Schüler/-innen mit besonderen Bedürfnissen in integrativen und segregierten

Bildungseinrichtungen, die Auswirkungen von begabten Schülern/-innen auf ihre

Klassenkameraden/-innen, und schließlich die Schätzung von Peer-Effects-Modellen, die

den gegenseitigen Einfluss vieler Peer-Gruppen flexibel berücksichtigen.

Kapitel 1 adressiert den Mangel an empirischer Evidenz für die Bildungs- und Ar-

beitsmarktrendite der Sonderpädagogik. Diese Studie untersucht als erste die kurz- und

langfristigen Renditen von sonderpädagogischen Förderprogrammen mit den neusten Meth-

oden des kausalen “Machine Learning” und der “Text Mining” Analyse. Diese Studie zeigt,

dass Sonderschulprogramme in integrativen Einrichtungen positive Auswirkungen auf die

akademischen Leistungen in Mathematik und Sprache sowie auf Beschäftigung und Löhne

von Schülern/-innen mit besonderen Bedürfnissen. Darüber hinaus findet die Studie einen

positiven Effekt von inklusiven Sonderschulprogrammen im Vergleich zu segregierten Pro-

grammen. Dieser Effekt ist heterogen: Segregation hat den kleinsten negativen Einfluss

für Schüler/-innen mit emotionalen oder Verhaltensproblemen und für Schüler/-innen mit

besonderen Bedürfnissen und mit nichtdeutscher Muttersprache. Schliesslich liefert diese

Analyse optimale Platzierungsregeln, die die aggregierte schulische Leistung und Beschäf-

tigung für Schüler/-innen mit besonderen Bedürfnissen maximieren und die Kosten für die

Sonderschulbildung senken. Durch diese Platzierungsregeln würden die meisten Schüler/-

innen mit besonderen Bedürfnissen von der Segregation zur Inklusion umverteilt werden.

Kapitel 2 untersucht die kausalen Auswirkungen intellektuell begabter Schüler/-

innen auf die schulischen Leistungen, die Einschreibung in nachobligatorische Bil-

dungsgänge und die Berufswahl ihrer nicht begabten Klassenkameraden. Basierend auf

administrativen und psychologischen Daten auf Schülerebene finden wir einen positiven

Effekt des Kontakts mit hochbegabten Schülern/-innen auf die schulischen Leistungen

der Klassenkameraden-/innen in Mathematik und Sprache. Diese Wirkung ist heterogen:

Größere Effekte werden bei Schülern und Hochbegabten beobachtet; Schülerinnen profitieren

in erster Linie von begabten Schülerinnen; die Effekte werden von begabten Schülern/-innen

getragen, bei denen keine emotionalen Störungen oder Verhaltensstörungen diagnostiziert

wurden. Der Kontakt zu begabten Schülern/-innen erhöht die Wahrscheinlichkeit, dass

sich nicht begabte Schüler/-innen für einen selektiven akademischen Weg und Berufe im

MINT-Bereich entscheiden.



Kapitel 3 untersucht Peer-Effekte auf systematische Weise. Die meisten Studien zu

Peer-Effekten im Bildungsbereich haben sich auf die Auswirkungen eines bestimmten Typs

von Klassenkameraden/-innen auf Mitschüler/-innen konzentriert. Dieser Fokus ignoriert,

dass Peer-Effekte bei Schülern/-innen mit unterschiedlichen Merkmalen heterogen sind und

dass es mindestens so viele Peer-Effekt-Funktionen wie Typen von Peers gibt. Diese Studie

entwickelt einen empirischen Rahmen, der systematische Interaktionen zwischen Peer-Typen

und Nichtlinearitäten von Peer-Effekten berücksichtigt. Methoden des “Machine Learn-

ing” werden verwendet, um (i) zu verstehen, welche Dimensionen von Peer-Merkmalen die

akademische Leistung am besten vorhersagen, (ii) hochdimensionale Peer-Effekt-Funktionen

zu schätzen und (iii) die leistungssteigernde Klassenzimmerzuweisung durch politisch rele-

vante Simulationen zu untersuchen. Erstens stellt die Studie fest, dass die eigenen Merkmale

der Schüler/-innen die akademische Leistung am besten vorhersagen und dass die vorhersag-

barsten Peer-Effekte von Schülern/-innen mit besonderen Bedürfnissen, leistungsschwachen

Schülern/-innen ausgehen. Zweitens zeigen wir, dass die in der Literatur dokumentierten

Peer-Effekte wahrscheinlich wichtige Nichtlinearitäten in der Verteilung der Peer-Anteile

übersehen. Drittens stellen wir fest, dass eine Klassenzusammensetzung mit möglichst

ausgewogenen Schülermerkmalen am besten geeignet ist, um eine maximale aggregierte

Schulleistung zu erreichen.



1| Introduction

There is no Algebraist nor Mathematician so expert in his science, as to place

entire confidence in any truth immediately upon his discovery of it, or regard

it as any thing, but a mere probability. Every time he runs over his proofs, his

confidence encreases; but still more by the approbation of his friends; and is rais’d

to its utmost perfection by the universal assent and applauses of the learned world.

— David Hume, Treatise of Human Nature (1888)

Since the Salamanca Statement in 1994, most OECD countries have acknowl-
edged that inclusive education is an important means to guarantee equal educational
rights for all students (Haug, 2017, p.206).1 Even though the concept of inclusion is
often addressed in relation to the inclusion of students with special educational needs
(SEN), an inclusive school system strives to have students of all origins, characteris-
tics, abilities, and from all marginalized groups learn together. In order to successfully
include all students in the same learning environment, an inclusive school system has
to provide students who would be otherwise segregated in special schools or special
classrooms adapted accommodation in the form of special education, and increased
individual support from special education professionals. Thus, the implementation of
a more inclusive educational system goes hand in hand with the imperative to better
understand students’ individual needs, how students with particular needs interact
with other students in the classroom, and how schools can devise interventions that
are the most beneficial to all students.2

This thesis builds on the conceptual premise that fully understanding inclusive
education means understanding the inclusive education production function as a func-
tion that accounts for the interplay between all subgroups of students, as well as for the

1The Salamanca Statement defines inclusive education as follows: “The fundamental principle of
the inclusive school is that all children should learn together, whenever possible, regardless of any diffi-
culties or differences they may have. Inclusive schools must recognize and respond to the diverse needs
of their students, accommodating both different styles and rates of learning and ensuring quality edu-
cation...” (p. 11)

2The necessity to better understand needs is, for example, well explored in the new research done on
students with ADHD (Fletcher, 2014; Fletcher and Wolfe, 2008; Xu et al., 2018) or students with autism
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school environment, educational inputs (teachers, resources, remediation and special
education programs), and general economic conditions. In particular, this thesis high-
lights that the notion of inclusion must not be reserved for students with SEN only, but
must be extended to students of all characteristics: students on both tails of the intel-
ligence curve (e.g., gifted students), students from other cultural and linguistic back-
grounds, students from different socio-economic status, etc. Consequently, the three
chapters of this thesis explore inclusive education from three different angles. Starting
with the analysis of students with SEN and special education programs in Chapter 2,
the focus shifts, in Chapter 3, to the influence of gifted students on their nongifted
peers in the classroom. The culmination of this thesis is Chapter 4, in which inclusive
schooling is statistically modeled as the product of mutual spillovers across groups of
students.

From an economic perspective, the motivation of such research can be summa-
rized as follows. It is crucial to understand school settings and school programs as they
are important determinants of skill formation and human capital investment. This is
true both with respect to short term skill formation such as academic performance3,
and to long term labor market outcomes.4 For instance, research in this area is par-
ticularly relevant as school settings affect the gender gap in the decision to enroll in
STEM careers, an issue frequently discussed in the current literature.5 Following on
this, a thorough understanding of fertile school environments helps policy makers de-
sign optimal school environments and best allocate public investment under cost con-
straints.6 From this perspective, it is important to understand how students in special
education7 or students with higher ability8 benefit from, and contribute to, the success
of inclusive schooling.

(Autism and Developmental Disabilities Monitoring (ADDM) Network of the CDC).
3Carrell, Fullerton, and West (2009); Burke and Sass (2013); Black, Devereaux, and Salvanes (2013);

Lavy, Silva, and Weinhardt (2012); Lavy and Schlosser (2011a); Bifulco, Fletcher, and Ross (2011)
4Chetty et al. (2011); Anelli and Peri (2017); Fletcher and Wolfe (2008); Fletcher (2014); Mouganie and

Wang (2020); Card and Payne (2017); Zölitz and Feld (2021); Anelli and Peri (2017); Black, Devereaux,
and Salvanes (2013); Carrell, Sacerdote, and West (2013); Carrell, Hoekstra, and Kuka (2018); Heckman
et al. (2010); Heckman, Pinto, and Savelyev (2013); Cunha and Heckman (2007)

5Niederle and Vesterlund (2010); Pope and Sydnor (2010); Hyde and Mertz (2009); Nosek et al.
(2009); Fryer and Levitt (2010); Card and Payne (2017); Carrell, Page, and West (2010); Brenøe and Zölitz
(2020)

6Carrell, Sacerdote, and West (2013).
7Hanushek, Kain, and Rivkin (2002); Lavy and Schlosser (2005); Keslair, Maurin, and McNally

(2012); Schwartz, Hopkins, and Stiefel (2021); Ballis and Heath (forthcoming)
8Bui, Craig, and Imberman (2014); Booij, Haan, and Plug (2016); Card and Giuliano (2014).

https://www.cdc.gov/ncbddd/autism/addm.html
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Chapter 2 addresses the lack of empirical evidence on academic outcomes and
labor market returns to special education. In this chapter, I present results from the
first ever study to examine short- and long-term returns to special education programs
with causal machine learning and computational text analysis methods. I find that
special education programs in inclusive settings have positive returns in terms of aca-
demic performance as well as labor-market integration. Moreover, I uncover a positive
effect of inclusive special education programs in comparison to segregated programs.
This effect is heterogeneous: segregation has the least negative effects for students
with emotional or behavioral problems, and for nonnative students with special needs.
Finally, I deliver optimal program placement rules that would maximize aggregated
school performance and labor market integration for students with special needs at
lower program costs. These placement rules would reallocate most students with spe-
cial needs from segregation to inclusion.

Chapter 3 investigates the causal impact of intellectually gifted students on their
nongifted classmates’ school achievement, enrollment in post-compulsory education,
and occupational choices. Using student-level administrative and psychological data,
Simone Balestra, Stefan Wolter, and I find a positive effect of exposure to gifted stu-
dents on peers’ school achievement in both math and language. This impact is hetero-
geneous: larger effects are observed among male students and high achievers; female
students benefit primarily from female gifted students; effects are driven by gifted stu-
dents not diagnosed with emotional or behavioral disorders. Exposure to gifted stu-
dents increases the likelihood of choosing a selective academic track and occupations
in STEM fields.

Chapter 4 is an empirical and systematic exploration of peer effects. The ma-
jority of peer-effect studies in education have focused on the effect of one particular
type of peers on classmates. This view fails to take into account the reality that peer
effects are heterogeneous for students with different characteristics, and that there are
at least as many peer effect functions as there are types of peers. Simone Balestra
and I develop a general empirical framework that accounts for systematic interactions
between peer types and nonlinearities of peer effects. We use machine-learning meth-
ods to understand which dimensions of peer characteristics are the most predictive
of academic performance, estimate high-dimensional peer effects functions, and in-
vestigate performance-improving classroom allocation through policy-relevant simu-
lations. First, we find that students’ own characteristics are the most predictive of own
academic performance, and that the strongest peer effects are generated by students
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with special needs, low-achieving students, and male students. Second, we show that
classroom peer effects reported by the literature likely miss important nonlinearities
in the distribution of peer proportions. Third, we determine that classroom composi-
tions that are the most balanced in students’ characteristics are the ones which reach
maximal aggregated school performance.

The overall approach of these three chapters is empirical in nature, and attempts
to flesh out relationships between causes and effects. Detecting causal patterns in such
a complex environment is difficult, and thus calls for careful identification strategies
as well as econometric tools that are effective at expanding the frontiers of our scien-
tific understanding about students in inclusive schooling. Chapter 2 and Chapter 3 are
concerned with particular student populations and their effects (students with SEN,
and gifted and nongifted students), Chapter 4 takes a more holistic view on inclusive
schooling. Finally, these analyses are not only meant to promote our scientific under-
standing, they are also intended to support policy makers and school administrators
in helping all students achieve their potential.
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psychological records, I present results from the first ever study to examine short- and long-term returns
to special education programs with causal machine learning and computational text analysis methods.
I find that special education programs in inclusive settings have positive returns in terms of academic
performance as well as labor-market integration. Moreover, I uncover a positive effect of inclusive special
education programs in comparison to segregated programs. This effect is heterogeneous: segregation has
the least negative effects for students with emotional or behavioral problems, and for nonnative students
with special needs. Finally, I deliver optimal program placement rules that would maximize aggregated
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2.1 Introduction

A growing number of students in OECD countries are identified with special
needs (SEN)9. Taking the US as an example, 14.1 percent of US public school students
received Special Education services in 2018–2019, compared to 13.3 percent in 2000-
2001, and 10.1 percent in 1980-1981 (NCES, 2020). At the same time, the inclusion of
students with SEN in mainstream education has been set as an educational objective by
developed countries since the late 1990’s.10 To this end, most OECD countries have re-
duced segregation of students with SEN and developed a variety of services such as al-
ternative teaching methods and curricula, Individualized Education Programs (IEPS),
and increased staff to accommodate individualized support within mainstream educa-
tion.11

Despite the growing number of students with SEN and the increasing implemen-
tation of inclusive education programs, empirical evidence regarding how special edu-
cation (SpEd) placements affect academic and labor market outcomes for students with
SEN remains scarce. Existing research shows inconclusive effects of SpEd on academic
performance (Hanushek, Kain, and Rivkin, 2002; Lavy and Schlosser, 2005; Keslair,
Maurin, and McNally, 2012; Schwartz, Hopkins, and Stiefel, 2021) and on educational
attainment (Ballis and Heath, forthcoming). Since (early) interventions in children’s
school curricula have a profound impact on children’s academic and lifelong prospects
(see among others Cappelen et al., 2020; Heckman, Pinto, and Savelyev, 2013; Duncan
and Magnuson, 2013; Chetty et al., 2011), it is crucial to provide teachers, parents, and
policy makers with insights into which SpEd programs are effective. These insights
should also help them allocate the most efficient interventions to the students who
would benefit the most. This is important in light of the considerable additional fi-
nancial costs SpEd programs generate for public schools in comparison to standard
education (Duncombe and Yinger, 2005; Elder et al., 2021).12

9Following ICD-10 diagnosis guidelines, students with “special-needs” (SEN) are students suffering
from learning impairments, behavioral, emotional or social disorders, communication disorders, physi-
cal or developmental disabilities.

10According to the United Nations Convention on the Rights of Persons with Disabilities (2006),
“States Parties recognize the right of persons with disabilities to education. With a view to realizing
this right without discrimination and on the basis of equal opportunity, States Parties shall ensure an
inclusive education system at all levels”.

11See Schwab (2020), and the following OECD reports: “Students with Disabilities, Learning Difficul-
ties and Disadvantages” (OECD Publishing, Paris, 2005), and “TALIS 2018 Results (Volume I): Teachers
and School Leaders as Lifelong Learners” (OECD Publishing, Paris, 2019).

12For reference, an annual total of $40 billion was spent exclusively on SpEd in the USA for the 2015
academic year (Elder et al. 2021; NCES, 2015), and educating a student in SpEd can cost twice to three

https://nces.ed.gov/programs/digest/d20/tables/dt20_204.30.asp
https://www.un.org/development/desa/disabilities/convention-on-the-rights-of-persons-with-disabilities.html
https://gpseducation.oecd.org/revieweducationpolicies/
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In this study, I set out to investigate returns to SpEd on academic performance,
labor participation, use of disability insurance, and wages. I analyze returns to SpEd
in a comprehensive way, and assess returns of six different SpEd programs. The first
four programs are offered in inclusive academic settings, and are comprised of coun-
seling, academic support (or tutoring), individual therapies (such as speech therapy),
inclusion (students with SEN are mainstreamed but with additional support by a SpEd
teacher). Two programs are offered in segregated settings, i.e., semi-segregation (same
school but special classrooms), and full segregation (separate schools). In addition,
I assess whether inclusive programs are more efficient than segregated programs in
generating positive academic and labor market outcomes. I use student-level admin-
istrative data on school performance on a compulsory standardized test and social se-
curity administrative records. These data are combined with detailed information and
psychological written records on each individual student, uniquely linking students’
school performance, labor market integration and written psychological assessments
for ten consecutive cohorts of students with SEN enrolled in SpEd in the Swiss State of
St. Gallen.

I conduct these analyses in the context of the Swiss education system, an aca-
demic context which is similar to most OECD countries and the US in terms of in-
clusive SpEd structures (De Bruin, 2019). Moreover, the Swiss academic setting offers
ideal conditions for the investigation of returns to SpEd. A first ideal feature is that
the diagnosis of special needs and the SpEd placement decision are conducted by the
School Psychological Service (SPS), an external and independent administrative entity.
This ensures that treatment is given by professional psychologists, rather than by par-
ents, teachers, or schools. In addition, each school is free to implement the SpEd pro-
grams of its choice from a catalogue of measures provided by the Education Ministry.
In practice, this means that there is variation in program assignment across schools
which is not explained by student or by school characteristics. This is reinforced by
the fact that schools in Switzerland were strongly encouraged to implement inclusive
programs instead of segregated programs after the Swiss Equality Act for People with
Disabilities was passed in 2004. However, not all schools started replacing segregated
programs with inclusive programs at the same time. All in all, these features allow
me to observe students with similar characteristics and similar SEN but assigned to
different SpEd programs.

times as much as educating a mainstreamed student. As an example, the State of California estimates
that a SpEd student each year costs $26,000, compared to $9,000 for a mainstreamed student (Overview
of Special Education in California report, LAO, 2019).

https://lao.ca.gov/Publications/Report/4110
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Special education programs are difficult to evaluate because SpEd placement is
based on students’ characteristics that are usually unobservable to the econometrician.
To tackle the problem of potential selection into SpEd programs, I leverage data that of-
fer unique and unprecendented insights into the placement process: for each student
with SEN, I observe all the psychological records and session transcripts written by
the caseworkers in charge of both diagnosing the student’s special needs and assign-
ing the student to treatment. These records allow me to gain a deep understanding
of the students’ background, and the nature and complexity of their special needs. To
make use of the information contained in text, I implement newly developed tech-
niques in computational text analysis and natural language processing (NLP) adapted
to a causal framework (Gentzkow, Kelly, and Taddy, 2019; Mozer et al., 2020; Roberts,
Stewart, and Nielsen, 2020; Egami et al., 2018; Keith, Jensen, and O’Connor, 2020).
Leveraging text information with methods from the small but steadily growing liter-
ature on Double Machine Learning for flexible program evaluation (see, for instance,
Chernozhukov et al. (2018); Athey and Wager (2019); Davis and Heller (2017), Knaus,
Lechner, and Strittmatter 2020), I am able to account for confounding in unprecedented
detail and to plausibly assume unconfoundedness for identification of returns to pro-
grams. This study is among the first studies to take advantage of computational text
analysis, causal inference, and Double Machine Learning methods to evaluate educa-
tion programs and returns to education.

I compare students assigned to various SpEd interventions in a pairwise manner
(comparing programs that are the most similar, from the most to the least inclusive),
as well as students assigned to SpEd interventions with students that were referred to
the school psychological service for assessment but not treated. I find that, among all
SpEd programs, inclusive programs pay off: first, returns to SpEd programs provided
in mainstream education are mostly positive or null in comparison to being referred
but receiving no SpEd. I present evidence that targeted individual therapies (such as
speech therapy, dyslexia therapies, etc.) are effective at treating preexisting learning
disabilities. Moreover, returns to inclusive education in comparison to segregated pro-
grams are strongly positive: students with SEN who remain in the mainstream class-
room perform better at school, are more likely to participate in the labor market and
earn a 15 percentage points higher salary on average than students with SEN segre-
gated into small classes. By conditioning on all the information psychologists report
when assigning treatment through written records, I compare students that are similar
in all their observed characteristics. On average, I find that estimates based on both



2.1 Introduction 9

covariates and text information are 29% smaller in magnitude than estimates that do
not leverage the text information. Moreover, my study suggests that students with
SEN who exhibit “disruptive” tendencies (e.g., Lazear, 2001; Carrell, Hoekstra, and
Kuka, 2018), i.e., students with social and emotional problems, psychological prob-
lems, and nonnative speakers with SEN, are the students who would benefit the most
from semi-segregation in comparison to inclusion. Finally, my results highlight that
the magnitude of returns vary greatly with the type of program, and thus that sound
evaluation of SpEd should account for program specificities.

Getting insights from the literature on statistical treatment rules (e.g., Kitagawa
and Tetenov, 2018; Manski, 2004), I further explore optimal policy allocations to inclu-
sive and segregated SpEd programs and make placement recommendations to reach
higher aggregate school performance and improve on labor market integration. I pro-
pose a set of optimal policies using machine learning algorithms (Athey and Wager,
2021; Zhou, Athey, and Wager, 2018) and compare implemented policies with optimal
policies in terms of costs and outcomes. By implementing my proposed optimal poli-
cies, a policy maker could significantly increase average school performance and, to
a lesser extent, labor market integration at lower overall costs. Easily implementable
policies would send all segregated students to inclusion, while more refined policies
suggest to keep students with social and emotional problems as well as nonnative stu-
dents with SEN in semi-segregated settings. I further conduct welfare computations
to see whether including students who were previously segregated in the classroom
would harm mainstreamed students. I integrate the findings of the quasi-experimental
study from Balestra, Eugster, and Liebert (forthcoming) using the same dataset to my
analysis, and I find that my optimal policies would generate negligible negative effects
on mainstreamed students while significantly increasing average school performance
of the reallocated students with SEN.

The present paper contributes to the understanding of returns to SpEd programs.
Most studies investigate SpEd as a single, all-encompassing treatment intervention,
and compare students in SpEd with students outside of SpEd. Given that SpEd is usu-
ally a multifaceted intervention with programs that differ in quality and intensity, these
studies fail to provide insights into the effectiveness of different types of programs.13

Studies have shown moderate effectiveness of SpEd considered as a single program
on the academic performance of SEN students (Schwartz, Hopkins, and Stiefel, 2021;

13As exceptions, Lavy and Schlosser (2005) and Lovett et al. (2017) focus on targeted remedial educa-
tion only, and Blachman et al. (2014) look at reading remediation.
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Keslair, Maurin, and McNally, 2012; Harrison et al., 2013; Lavy and Schlosser, 2005)14

and positive returns for SEN students with learning and/or emotional disabilities
(Hanushek, Kain, and Rivkin, 2002). In addition, evidence on the effects of SpEd on
high-school graduation rates are found to be both positive (Ballis and Heath, forth-
coming) and negative.15 Studies on the effects of SpEd on labor market integration
are quasi nonexistent (to the exception of McGee, 2011; Kirjavainen, Pulkkinen, and
Jahnukainen, 2016). To my knowledge, this is the first study that assesses short- and
long-term returns to SpEd programs at a granular level by ordering SpEd interventions
according to their scope and intensity.

Moreover, this study expands on insights from the literature about the factors
influencing the emergence of special needs and leading to referrals to SpEd interven-
tions. Many studies highlight the fact that assignment to programs depends heavily
on confounders that together influence identification of SEN, assignment to treatment,
and the investigated outcomes. For instance, students from non-resilient, low-SES fam-
ily backgrounds are more likely to develop SEN and to be referred to SpEd (Case,
Lubotsky, and Paxson, 2002; Currie and Stabile, 2003; Smith, 2009; Kvande et al., 2018).
Other factors that influence referrals include starting school earlier (Balestra, Eugster,
and Liebert, 2020; Elder, 2010), racial or ethnic background (Elder et al., 2021) or sus-
picion of intellectual giftedness (Balestra, Sallin, and Wolter, forthcoming). In this pa-
per, I am able to explore many of these confounders by leveraging individual written
psychological records and background information about each student with SEN. Fur-
thermore, I use all this information not only to investigate heterogeneities in returns
to programs, but also to devise placement rules that are welfare increasing for all stu-
dents, and cost-reducing for school officials.

Lastly, this study contributes to investigations of the effects of inclusion in com-
parison to segregation. On the one hand, existing research offers inconclusive results

14Scruggs et al. (2010) conduct a meta-analysis and find overall positive effects of remediation inter-
ventions for students with disabilities. SpEd has been shown to have negative or no effects on reading
skills, mathematics skills and behavior of SEN students in comparison to non-SEN students in the US
(Morgan et al., 2010; Dempsey, Valentine, and Colyvas, 2016). Similar results are documented for Nor-
way (Kvande et al., 2018; Lekhal, 2018), but with positive impact on math skills development. Early
preschool SpEd has also been shown to have little to no effects on reading and mathematics skills
(Sullivan and Field, 2013; Kohli et al., 2015; Judge and Watson, 2011; Morgan, Farkas, and Wu, 2009).

15McGee (2011) for the US and Kirjavainen, Pulkkinen, and Jahnukainen (2016) for Finland report
that SEN students have a higher high-school graduation rate than their cognitively equivalent non-SEN
peers due to more lenient graduation rules, but lower college enrollment, lower employment rates, and
lower wages. Blachman et al. (2014) document that the effects of a randomized reading intervention
fade out 10 years after completion of the program.
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on the short-term and long-term impacts of inclusion for SEN students (Freeman and
Alkin, 2000; Cole, Waldron, and Majd, 2004; Sermier-Dessemontet, Benoit, and Bless,
2011; Daniel and King, 1997; Peetsma et al., 2001; Eckhart et al., 2011)16 On the other
hand, inclusion is reported to have negative effects on peers without SEN in the main-
stream classroom (Balestra, Eugster, and Liebert, forthcoming; Rangvid, 2019; Fletcher,
2009). This study bridges the gap between these two strands of literature by investi-
gating in more detail the short-term and long-term impacts of inclusion from the per-
spective of SEN students, and by investigating optimal inclusive policy rules.

2.2 Background and Data

2.2.1 Institutional background: special education programs

The implementation of SpEd policies in Switzerland is conducted independently
by each Swiss federal state (“canton”). To foster inclusion, the Swiss Equality Act for
People with Disabilities (2004) made the equality of access to education for SEN stu-
dents a priority, and emphasized the promotion of inclusion of SEN students in the
main classroom rather than segregation. Thus, inclusion is promoted as the main SpEd
intervention tool (Wolter and Kull, 2006), and as a direct substitute for segregation in
small special needs classrooms (semi-segregation) (Häfeli and Walther-Müller, 2005).
As a result, the share of students sent to segregated schooling has decreased since the
Equality Act, while the share of students sent to inclusive schooling has increased. Ac-
cording to the European Agency Statistics on Inclusive Education (EASIE, 2014, 2018),
the enrollment rate in mainstream education in Switzerland is similar to other Eu-
ropean countries. However, the share of segregated Swiss students with SEN varies
substantially across Swiss cantons. The Canton of St. Gallen ranked 5th as the canton
with the most segregated SEN students (3.33% of the overall student population vs.
1.85% in Switzerland) in 2010.17

16In comparison to segregated SEN students, SEN students in inclusive education perform as well in
mathematics and even better in literacy (Sermier-Dessemontet, Benoit, and Bless, 2011), exhibit lower
motivation but better math performance (Peetsma et al., 2001). However, Daniel and King (1997) find
that mainstreamed students with SEN generate more behavioral disruptions, exhibit lower self-esteem,
and marginally improve in academic performance. Eckhart et al. (2011) reports that segregated students
are less likely to be integrated in the job market and have smaller social networks than students in
inclusive environments. The attitude of teachers towards inclusion is also a major influential factor of
success for inclusive schooling (Avramidis and Norwich, 2002; De Boer, Pijl, and Minnaert, 2011).

17Canton St. Gallen, Nachtrag zum Volkschulgesetz 2013, p.38.
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This study focuses on students enrolled in SpEd during their mandatory school-
ing in the Swiss Canton of St. Gallen (around 6% of the Swiss population). The St.
Gallen Ministry of Education defines a catalogue of SpEd measures and programs for
SEN children.18 These measures are counseling, academic support, individual thera-
pies, inclusion, semi-segregation, and full segregation. Counseling refers to traditional
visits to a therapist or a counselor in which the student’s difficulties in school or at
home are discussed. It is mostly offered by therapists outside of the School Psycholog-
ical Service (SPS). Academic support refers to tutoring for children needing additional
support for their homework or for learning. Individual therapies are one-to-one or
small group sessions; they typically take place during class time, and they target par-
ticular learning disabilities for which a particular treatment is required (such as speech
therapy, dyslexia or dyscalculia therapy). The inclusion measure refers to all students
who received individual inclusive SpEd. These students are provided adapted and
goal-oriented complementary teaching by a SpEd teacher who works in the main class-
room alongside the main teacher. Semi-segregation refers to small classes (with 10 to
15 students) within the main school. Both inclusive SpEd and semi-segregation are
targeted at students with learning and social disabilities, special diagnoses (such as
autism, dyslexia, etc.) as well as students who fall behind the class schedule. Full
segregation refers to schooling in special schools and targets students for whom main-
stream schooling is too challenging (e.g., students with severe disabilities or students
suffering from physical impairments such as deafness). Finally, I also observe students
who were referred to the SPS for diagnosis but who were not assigned to any treatment
(“No placement”).

Figure 2.1 displays the newly assigned SpEd interventions in St. Gallen per year.
The most frequently assigned therapies are individual therapies. The number of stu-
dents newly assigned to inclusive SpEd increased from around 6% of students referred
to the SPS in 1998 to around 30% in 2010, whereas the number of students assigned
to small classes steadily decreased (from 12.4% to around 5%). These figures reflect
the actual number of students with SEN being taught in a semi-segregated setting at
the primary level (“stocks”), which dropped from 9.17% in 1999 to 6.4% of all students
with SEN in 2009, as documented by the official placement register data.

The St. Gallen setting offers many advantages to estimate returns to SpEd pro-
grams. First, the diagnosis and SpEd placement decision of students with SEN is

18As elaborated in the official document “Kantonales Konzept fördernde Massnahmen” in 2006 by
the Canton of St. Gallen, the basic offer includes “SE, speech therapy, rhythm therapy, psychomotor
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Figure 2.1: Share of Special Education placements among students referred to the School Psy-
chological Service over the years

conducted by the School Psychological Service, which is an external and independent
administrative entity. Therefore, diagnoses and placement decisions are made by SPS
psychologists, rather than by parents, teachers, or school administrators. The SPS is or-
ganized in eight regional offices. The main task of the SPS is to independently provide
diagnoses of learning disabilities, behavioral difficulties, and developmental deficien-
cies. It assigns therapies and treatments, and offers counseling to students, parents and
teachers. As part of the diagnoses, an intelligence test (IQ test) is often administered.
After the first consultation, the caseworker, in agreement with parents and teachers,
assigns the student to the necessary program. For most students (about nine out of
ten), services of the SPS are requested directly by the teacher and/or school official,
but some requests are also filed by the parents or the child’s medical doctor. Most of

therapy, therapy for dyslexia and dyscalculia, tutoring, special classes”. I describe all the therapies given
in the canton of St. Gallen in Table A.1.
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the requests to the SPS are made when the student is in Kindergarten/Preschool (see
Figure A.2).19

Second, each school is in charge of setting up their own SpEd policies. This of-
fers valuable variation in program assignment within years across schools which is
not explained by the students’ characteristics. Schools choose, on a yearly basis, which
programs to offer among the programs in the catalogue of interventions provided by
the Canton. Schools vary substantially in the therapies they offer, as well as in the
extent to which they implement inclusive schooling. Figure 2.2 shows the distribu-
tion of deviations in the assignment rate of students assigned to each SpEd program
per school-year from the mean year inclusion assignment rate for the population of
students with SEN. The figure shows that there is substantial variation in assignment
to each program across schools within the same year, and that this variation in pro-
gram assignment is not fully explained by students’ and schools’ characteristics such as
socio-economic score and per-student expenditure (regression-adjusted mean assign-
ment). For instance, some schools have a probability to assign students to inclusion
which is more than 50 percentage points higher than the mean assignment to inclu-
sion in the same year. This is valuable information, especially given that students in
St. Gallen are assigned to schools on the sole basis of their location of residence. Par-
ents and students must comply with the assignment to the treatment offered by the
school.20

Third, due to the centralized administration and monitoring of SpEd interven-
tions, programs are similar across schools and use comparable educational technology.
Moreover, schools have no real budget constraints when it comes to SpEd programs.
This prevents strategic program assignment against additional budget, as documented
for some US States (e.g., Cullen, 2003). Schools receive a target amount of therapy-
hours from the cantonal central administration, which is calculated on the basis of
their “socio-economic score”.21 Within this given amount of therapy-hours, schools

19The end of Kindergarten is the moment when teachers decide whether the student is ready for
primary school or whether the student needs to take a bridge year. This is in line with Greminger,
Tarnutzer, and Venetz (2005), who report that most segregation decisions happen in Kindergarten in
Switzerland.

20This strict assignment procedure is thoroughly implemented, such that parents have no say about
their child’s school other than moving permanently to a different municipality or enrolling their stu-
dents in a private school. Private schooling remains uncommon in Switzerland: in 2014, around 95% of
students attend public-funded schools of their community of residence (Wolter and Kull, 2014).

21The school socio-economic score is based on the following four indicators: ratio of foreigners with
citizenship of non-German-speaking countries in the population group of 5-14-year-olds, share of un-
employed in the 15-64-year-old permanent resident population, ratio of 5-14-year-olds dependent on
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Notes: This figure shows the distribution of deviations (residuals) in the assignment rate of students
assigned to all SpEd programs per school-year from the mean year assignment rate for the population
of students with SEN. Both the raw deviation and the regression-adjusted deviation are displayed. The
adjusted deviation shows deviation adjusted for student-level and school-level covariates. Student-level
covariates include gender, nonnative status, IQ, reason for referral, and who sent the student for referral
(Panel A of Table 2.1). School-level covariates are shown in Panel B of Table 2.1 and include share of
nonnative speakers, share of students with SEN, school size, school socio-economic composition, and
urban status. Full segregation is not represented. Source: Pensenpool, SPS.

Figure 2.2: Distribution of school-years deviations in assignment to SpEd from mean year in-
clusion assignment rate
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Notes: This figure presents the sample structure as a timeline. All students referred to the School Psy-
chological Service (SPS) between years 1998 to 2012 are observed and receive a treatment. Students’
academic performance is observed in the test data (“Stellwerk8”) for all students reaching the age of 14
or 15 in years 2008 to 2017. Labor market outcomes are observed in the Swiss Social Security Adminis-
tration (SSA) data for students reaching the labor market in years 2007 to 2016. Because of attrition and
the particular data structure, not all students are observed in both the Stellwerk8 and the SSA data (blue
arrow).

Figure 2.3: Visualization of the sample structure

are free to allocate SpEd programs according to their preferred strategy. Schools are
obliged to satisfy demand, and often offer more hours than the number of allocated
hours. Schools also have a duty to report yearly statistics on the number of SpEd hours
offered.

2.2.2 Data: main variables and summary statistics

The main data source on students in SpEd are the administrative records from
the SPS, academic test scores, data on labor market integration provided by the Swiss
Social Security Administration (SSA), and data on schools’ statistics about SpEd
(“Pensenpool”). Figure 2.3 summarizes the dataset structure and gives an overview of
the cohorts represented in the sample. In what follows, I discuss in detail each element
of the figure.

Administrative records from the SPS The administrative records from the SPS pro-
vide information on all students referred to the SPS for a clarification/diagnosis in-
terview between 1998 and 2012. They contain information about the student’s char-
acteristics, the therapy assigned, the number of visits to the SPS, and the entirety of

social assistance to the 5-14-year-old population, quota of low-income households with 0-13-year-old
children. It is provided by Competence Center for Statistics within the Department of Economic Affairs
of the Canton of St. Gallen.



2.2 Background and Data 17

the psychological records written by the caseworker. All summary statistics are re-
ported in Table 2.1, and more detailed statistics per treatment status are given in Ta-
ble A.3 (columns are ordered from the most inclusive program to the least inclusive
program).22

Students’ characteristics are presented in Panel A of Table 2.1. Forty percent of
students in the whole sample are female, and 13% do not have German as their mother
tongue. The IQ score is available for 73% of the students, mostly for students in later
years as IQ testing at the SPS has become more systematic over the years. At an av-
erage of 95, sample IQ scores for SEN students are slightly lower than the population
average of 100. Students had on average 10.6 contacts with the SPS, and the number
of contacts is strongly positively correlated with the intensity of the program (more
contacts are needed for students in segregated programs). Age at first registration is
almost 9 on average, which coincides with the start of grading for students attending
second grade. The (not mutually exclusive) reasons for referral most commonly men-
tioned are performance and learning problems (89%), and social or emotional problems
(21%). Sixty-six percent of all decisions for referrals are made by the teachers together
with the parents of the child. Around 13% of students were enrolled in bridge years be-
tween Kindergarten and primary school because of slow development or poor school
readiness.

The identification of returns to SpEd in this paper relies mostly on the text con-
tained in the student-level psychological records written by caseworkers. The valuable
information contained in the text records makes the assignment process observable.
For each visit to the SPS, the caseworker in charge of the student documents the visit,
reports the discussion, and gives a recommendation for SpEd placement. Most com-
ments are quite detailed and offer a comprehensive picture of the problems addressed
in the discussion, such as family background, psychological issues, the diagnoses of
the student, and the particularities of the case.

To be used in estimation, text records must be reduced to some usable represen-
tation. In the context of this study, psychological text records are modeled with the in-
tention of learning about the assignment process and adjusting for confounding, while
remaining as low dimensional as possible to avoid problems of support and of com-
putational complexity. The text representations should map concepts of the students’

22Table A.4 in the Appendix gives the Standardized Mean Difference across all treatment states for
all covariates.
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Mean Sd Min Max N. obs

A: Individual and school characteristics
Female 0.407 0 1 17,822
Foreign language 0.126 0 1 17,822
IQ 94.92 11.9 41 152 13,021
IQ measured 0.730 0 1 17,822
Birth year 1995.35 4.3 1982 2003 17,822
Had bridge year (intro class) 0.134 0 1 17,822
Age at first interview 8.563 2.3 3 18 17,822
Reasons: social and emotional problems 0.209 0 1 17,822
Reasons: performance and learning problems 0.886 0 1 17,822
Reasons: problems with teachers or school 0.027 0 1 17,822
Reasons: not specified 0.011 0 1 17,822
Sent by Caseworker 0.029 0 1 17,822
Sent by Others 0.024 0 1 17,822
Sent by Parents 0.052 0 1 17,822
Sent by Parents and teacher 0.656 0 1 17,822
Sent by Teacher 0.237 0 1 17,822
Total number of SPS visits 10.587 8.6 1 152 17,822

B: School characteristics
Schools: share of nonnative speakers 0.223 0.1 0 0.59 17,812
Schools: share of SEN students 0.180 0.1 0 1.00 17,812
Schools: total number of students 170.028 151.0 0 1063 17,812
Schools: urban 0.453 0 1 17,812
Schools: socio-economic score 0.980 0.1 0.79 1.20 17,812
Schools: per-student expenditure (2017, std.) 0.00 1 -0.94 5.02 13,052

C: Treatment assignment
Counseling 0.081 0 1 17,822
Academic support 0.077 0 1 17,822
Individual therapy 0.449 0 1 17,822
Inclusive SE 0.152 0 1 17,822
Semi-segregation 0.095 0 1 17,822
Full segregation 0.090 0 1 17,822
No therapy (but sent to SPS) 0.056 0 1 17,822

D: Outcomes
SW8 in SW8 cohort 0.763 0 1 13,890
SW8 composit score (SW8 cohort) 0.000 1 -3.70 4.28 10,602
Used disability insurance (SSA cohort) 0.075 0 1 11,979
Used unemployment insurance (SSA cohort) 0.234 0 1 11,979
Monthly wage: last registered year (std., SSA cohort) 0.000 1 -1.85 6.85 11,979

E: Sample attrition
In SW8 cohort (1992-2003) 0.779 0 1 17,822
In SSA cohort (1982-1998) 0.672 0 1 17,822
In both SW8 and SSA cohorts 0.463 0 1 17,822

Notes: Summary statistics for the population of students referred to the SPS in the Canton of St.
Gallen. The sample is composed of SN students from the Canton of St. Gallen having visited the
SPS between 1998 and 2012. “SW8” refers to students observed in the Stellwerk8 academic perfor-
mance dataset, and “SSA” to students observed in the the Swiss Social Security dataset. Standard
deviations are not reported for dummy variables. Source: SPS, SW8, SSA and Pensenpool data.

Table 2.1: Summary statistics
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Text Representation Dimension of covariate
matrix

“Bag-of-words” tf N×782 tokens
tf-idf N×921 tokens
tf-tf-idf N×914 tokens

Structural Topic Modelling (STM) 10 topics N×10 topics
80 topics N×80 topics

Topical Inverse Regression Match-
ing (TIRM)

10 topics + 1 treatment projection N×10 topics

Word2Vec 50–dimensional N×50
100–dimensional N×100

Professional diagnosis Dictionary/Keyword approach N×16 diagnoses

Notes: This table describes the different Natural Language Processing (NLP) methods for text
information retrieval used in this paper. A discussion of these methods, examples and sum-
mary statistics can be found in Appendix Section A.1.

Table 2.2: List of used methods for text information retrieval

mental health, learning/behavioral disabilities, and other background information as
well as possible; they should also account for the context of words and offer enough nu-
ance to adequately represent the situation of each student. Using text for the purpose
of causal analysis to adjust for confounding is a recent enterprise and depends heavily
on the empirical setting: there is so far no established standard practice (see relevant
discussions in Mozer et al., 2020; Weld et al., 2020; Keith, Jensen, and O’Connor, 2020;
Roberts, Stewart, and Nielsen, 2020; Egami et al., 2018).

Table 2.2 summarizes the computational apparatus used to extract information
from text. To avoid making estimates too dependent on the choice of text informa-
tion retrieval method, I extract information from the text using five different state-
of-the-art NLP methods and nine different specifications: the term-document matrix
(TDM) representation, or “bag-of-words” (see, for instance, Mozer et al., 2020); struc-
tural topic modeling and topical inverse regression matching, which learn topics and
context of words in a semi-supervised manner (Roberts, Stewart, and Airoldi, 2016;
Roberts, Stewart, and Nielsen, 2020; Blei, Ng, and Jordan, 2003); neural network em-
beddings such as Word2Vec in which words are embedded in a lower-dimensional
space (Mikolov et al., 2013); dictionary representations that map professional diag-
noses. For each method, the final dimension of the text representation matrix is pre-
sented. The features contained in the representation matrix are subsequently used as
controls for estimation of treatment effects. I discuss how I implement each of these
methods and provide descriptive statistics for each method in Appendix Section A.1.
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Program assignment SpEd programs of interest are defined as the programs figuring
in the cantonal catalogue of measures mentioned in Table A.1. Around 37% of the stu-
dents were given individual, one-to-one therapy only, such as speech therapy, dyslexia
therapy, or dyscalculia therapy. Thirteen percent of all students are placed in inclusive
settings, around 16% in segregated settings (8% in semi segregation and 8% in full seg-
regation). Some students (around 5%) were referred by their teachers to the SPS but
did not receive any SpEd intervention. These students form an interesting comparison
group, since they are students who raised strong suspicion for SpEd referral but who
do not receive SpEd placement after all. From the notes, I know that most of these
students have been received and assessed by a caseworker who in turn decided that
no further intervention was needed.

Even though SpEd interventions are defined at the central level, program effec-
tiveness might vary with schools’ characteristics. To account for this, I bring in statistics
about schools obtained from the Pensenpool data of the Ministry of Education. I use four
measures about the school population (share of students with SEN, share of foreign
students, total school population, urban or rural school). Moreover, I use two mea-
sures of educational inputs previously used in the literature: standardized per-student
spending (e.g., Jackson, Johnson, and Persico, 2016)23, and the “socio-economic score”,
introduced above, which measures the school’s socio-economic composition (e.g., An-
grist and Lang, 2004). These school-level statistics are measured in the year in which
students with SEN are assigned to treatment (with the exception of per-student spend-
ing, which is only measured in 2017). Table A.3 shows that school characteristics are
rather well balanced across all treatments, with the exception of inclusion and semi-
segregation. Schools implementing semi-segregation tend to be more urban, larger,
and with a higher share of foreign students. However, schools offering inclusion and
schools offering semi-segregation overlap in their characteristics, as can be seen in Fig-
ure A.1.

Outcomes: test scores and labor-market integration I measure different outcomes
to capture school achievement as well as labor market integration. Outcomes are re-
ported in Panel D of Table 2.1. For academic performance, I use test scores from the

23The data on spending per primary school students comes from the official accounts published by
municipalities at the end of the fiscal year. According to the data, municipalities spend on average
10,160 Swiss Francs (approximately 11,140 USD) per primary school student. This figure is higher than
the OECD average (8,733 USD) but comparable to the corresponding figure in the U.S. (11,319 USD), as
the OECD documents (OECD, 2017).
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“Stellwerk8” standardized test (SW8) taken in grade 8, which give the individual aca-
demic achievement for the entire population of students enrolled in 8th grade during
the years 2008 to 2017. This test is mandatory for all students with SEN (except for stu-
dents in fully segregated settings) and is the same in all schools. It is computer-based,
and automatically adapts the difficulty of questions to the ability and knowledge re-
vealed by the student in the previous questions. It tests core knowledge of mathemat-
ics, language (German), and, depending on the track, other subjects. I focus on the
composite score in German and Math, which are compulsory subjects for all students.
Test scores range between 0 and 1,000 (1,000 being the best), and are standardized by
school-year for easier interpretation and comparison. The performance on the test is
important both for students, who will use the test scores when choosing their post-
compulsory education, and for teachers, whose relative performance can be reflected
in the rate of success of their students. As students with SEN in fully segregated set-
tings are not required to take the test and can choose to opt out, I create a test-taking
indicator variable to account for attrition.

Data on labor market integration are provided by the Swiss Social Security Ad-
ministration (SSA) for the years 2007 to 2016, and contain the individual history of
wages, whether the individual has benefited from a disability insurance status (DI),
and whether the individual has requested unemployment insurance. I compute the
income as the last income recorded standardized over birth years. This gives the av-
erage relative position of individual income per cohort and per year, which accounts
for cohort as well as year effects.24 Income is defined as income from one’s own labor,
namely net of DI and unemployment benefits. Around 8% of the sample have claimed
disability insurance, and 23% have claimed unemployment insurance.

Sample restrictions Some restrictions are imposed on the data (details can be found
in Table A.2). I discard students who received therapies or measures that are not of-
fered by the schools (for instance, private tutoring). Moreover, I conservatively dis-
card students who received so-called secondary “supportive measures” only25, and
students who received more than one treatment. This ensures that multiple influences
of different treatments are not confounding the main treatment.

24I also checked other income definitions, such as last monthly income recorded standardized over
birth years. Results are robust across these alternative income definitions.

25These measures include tutoring, language classes for students with an immigration background,
and gifted education. For details, see the “Sonderpädagogik-Konzept” of the Canton of St. Gallen,
available on the website of the St. Gallen schools. Students receiving supportive measures in addition

https://www.sg.ch/bildung-sport/volksschule/rahmenbedingungen/rechtliche-grundlagen/konzepte.html
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Cohorts registered in the school data and cohorts registered in the SSA data do
not perfectly overlap (see the red arrows in Figure 2.3). Since the SW8 test was given in
years 2008 to 2017, and given that some cohorts were not exposed to the test, I inves-
tigate subsamples for each outcome separately. Subsample sizes are reported in Panel
E of Table 2.1. While 78% of the sample were in cohorts subject to the SW8 test, 67%
are from cohorts with no test but with recorded labor market outcomes. Finally, 46%
of observations are observed in both subsamples. Attrition is only due to cohort varia-
tion, and I conduct attrition analyses in my robustness checks to show that attrition is
not a problem for my main results.

2.3 Empirical strategy

A plausible causal estimation of returns to SpEd programs requires comparing
the academic and labor outcomes of students who are similar in all the characteristics
which jointly influence their outcomes and their assignment to SpEd programs. In
the absence of a randomized experiment in which students are randomly assigned
to programs, I leverage the information contained in the psychological reports, and
I model the assignment process with a unusually exclusive and detailed perspective.
Furthermore, I make implicit use of the exogenous variation in treatment assignment
within years across schools to identify effects of SpEd programs.

2.3.1 Definition

I compare the outcomes of students assigned to various SpEd interventions in a
pairwise manner (from most to least inclusive interventions), as well as students as-
signed to SpEd interventions with students that were referred to the SPS but who were
not treated. I follow a multivalued treatment framework in observational studies (Im-
bens, 2000; Lechner, 2001), in which I compare program d with program d′ for student
i. More precisely, I denote by d the received treatment by student i among the set of
mutually exclusive seven programs D. The observed outcome given i’s assigned ther-
apy is Yi = ∑D

d=1 1(Di = d)Yd
i , and the potential outcome for each individual is Yd

i for
all d ∈ D. I further denote as X a set of pre-treatment variables, and as Z the subset
of X that contains the variables used to conduct heterogeneity analysis. The general-

to the main measures are, however, kept in the dataset.
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ized propensity score is defined as pd(x) = P(Di = d|Xi = x), namely the conditional
probability of receiving each treatment.

I am interested in the following estimands. The first is the average potential
outcome (APO) under each treatment d, APOd = E[Yd

i ]. It is the average outcome
for the whole population as if it was assigned to program d. This corresponds to
the “value” of each program. The second is the pairwise Average Treatment Effect
ATEd,d′ = E[Yd

i − Yd′
i ], which represents the effect of treatment d vs treatment d′ as

if everyone in the population was observed under both treatment states. Since some
treatments might not be available for the whole population (for instance, full segre-
gation is not a feasible intervention for all SEN students), the ATE is not interesting
for all treatment pairs. I thus compare treatment effects for the subpopulation actu-
ally observed in a given program using the Average Treatment Effect on the Treated
ATETd,d′ = E[Yd

i − Yd′
i |D = d]. Comparing the ATE and the ATET gives valuable

insights about the program assignment process: a large difference between the two es-
timates might underline effect heterogeneity or nonrandom assignment into programs.
Finally, I look at Conditional Average Treatment Effects (CATEs). I consider two differ-
ent cases of CATEs: first, Group Average Treatment Effects (GATEs) give the ATEs for
predefined and policy relevant groups of students, i.e. GATEd,d′(z) = E[Yd

i − Yd′
i |Zi =

z] where Zi ∈ Z. For instance, I investigate whether treatment effects are heteroge-
neous for students with and without behavioral problems. Second, I look at Individual
Average Treatment Effects (IATEs) for ATEs at the most granular, individual level. In-
stead of focusing on groups, IATEs include all observed confounders as heterogeneity
variables. This is expressed as IATEd,d′(z) = E[Yd

i − Yd′
i |Xi = x], where Xi ∈ X (i.e. a

vector of observed pre-treatment variables).

2.3.2 Identification

The previous section presented the estimands of interest as potential outcomes.
As each student is only observed in one program, only one potential outcome per
student is observable and the other potential outcomes are latent. Therefore, the es-
timands of interest are not identified unless the following standard assumptions hold
(Imbens and Rubin, 2015). The first key identifying assumption is unconfoundedness,
i.e. that the vector of observed pre-treatment covariates Xi contains all the features that
jointly influence treatment and potential outcomes Yd

i |= Di|Xi = x, ∀x ∈ χ, ∀d ∈ D.
The plausibility of this assumption is justified by the use of text information: the in-
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formation extracted from the text delivers a unique and detailed overview of both pre-
treatment information relevant for treatment assignment and details on the treatment
assignment itself. To support this assumption, I show that text brings additional infor-
mation which is richer than the information contained only in covariates not extracted
from text. Section A.1 in the Appendix, and more precisely Figure A.1, Figure A.2,
Figure A.3, and Figure A.4, provide evidence that the text delivers valuable additional
information which is not contained in the covariates not extracted from text. These
figures also show how text information is related to treatment assignment. In addition
to the use of text, unconfoundedness is particularly plausible in my setting given the
unexplained variation in treatment assignment within years across schools.

The second identifying assumption states that confounders are exogenous, i.e.
confounding variables in X (and in Z) are not influenced by the treatment in a way
which is related to the outcomes. This assumption would be violated if covariates
are measured after treatment assignment. Non-text covariates are measured before
treatment assignment, but text covariates require more scrutiny. To avoid text-induced
post-treatment bias, I only use records written before the treatment assignment,
thereby removing therapy evaluations and reports about the progress of the student.
I also strip out of the text all mentions or discussions of interventions per se. The
exogeneity assumption would also be violated if referrals to the SPS and treatment
assignment would be done based on expected treatment returns, i.e. teachers would
refer only the students who are expected to benefit from SpEd to the SPS, and psychol-
ogists would be perfectly able to predict the outcomes from treatment assignment.
On the one hand, this problem is likely mitigated given that SPS centers as well as
the organization of SpEd in St. Gallen are centralized, and that there is no budgetary
constraints for SpEd. On the other hand, psychologists are not able to perfectly predict
outcomes given treatment, since not all treatments are available in all schools and in
all years.

Third, overlap (or common support) 0 < pd(x) < 1, ∀x ∈ χ, ∀d ∈ D ensures
that SEN students can be compared at all values of X for a given treatment effect.
Because of the variation offered by the school choices of supplied interventions, I can
observe students with similar characteristics who were offered different interventions.
To make this assumption even more plausible, I compare only interventions that are
closest in terms of intensity and in terms of the special needs they target. Moreover,
to deal with potential problems of overlap, I present effects for the overlap population
in the section A.2. Finally, lack of overlap is problematic for students assigned to fully
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segregated SpEd programs, since this particular population of SEN students exhibits
more severe mental and learning disabilities than other SEN students. This will be
kept in mind in the discussion of the results.

Finally, assignment to a particular SpEd program does not generate spillover ef-
fects (SUTVA), i.e. Yi = Yi(Di). There are mainly two cases in which SUTVA could
be violated. First, the presence of a student with SEN in a program might generate
spillover effects. I estimate total effects of programs on the population of SEN students
only (and not on the mainstream population). In other words, my estimates incorpo-
rate potential classroom spillovers.26 Second, if therapies are budgeted at the school
level, sending one student to therapy might reduce available resources for other SEN
students who also need therapy. This is not a concern in this setting. As mentioned
above, schools in St. Gallen do not engage in strategic therapy assignment against ad-
ditional budget (e.g., Cullen, 2003), as there are no real budget constraints when it
comes to SpEd.

Under these assumptions, the estimands of interest are identified using the “aug-
mented” weighted estimator (AIPW) score Γh

d,Xi
. This score combines the conditional

expectations of the outcome Y specific to each potential treatment, µ(d, x) = E[Yi|Di =

d, Xi = x] with the outcome residual reweighed by some function of the treatment
probability pd(x). Following the “balancing weights” notation of Li and Li (2019), the
general form of this estimator is:

Γh(d, Xi) = µ(d, x)h(x) + 1(Di = d)(Yi − µ(d, x))ωd(x), (2.1)

The “tilting function” h(x) defines the target population as a function of the propensity
score pd(x), and ωd(x) = h(x)/pd(x).27 When the population of interest is the whole
population, as in the ATE, the tilting function h(x) is 1 and the estimator is doubly
robust (Robins, Rotnitzky, and Zhao, 1994, 1995).28

26Note that there is no strategic assignment of SEN students to mainstream classrooms in St. Gallen
(see Balestra, Sallin, and Wolter, forthcoming; Balestra, Eugster, and Liebert, forthcoming).

27Note that ω can accommodate weights for different subpopulations as additional “balancing
weights” schemes, such as trimming weights or matching weights (Li, Morgan, and Zaslavsky, 2018; Li
and Li, 2019).

28The score is doubly robust when it is still consistent if the propensity score or the outcome equation
are misspecified. For more details on the APO score and the double robustness properties, see Glynn
and Quinn (2010) for an intuitive introduction and Knaus (2021) for DML.



26 Chapter 2 | Estimating returns to special education

All estimands of interest mentioned above are identified as follows:

APOd = E[Γh(d, Xi)], h(x) = 1 (2.2)

ATEd,d′ = E[Γh(d, Xi)− Γh(d′, Xi)], h(x) = 1 (2.3)

ATETd,d′ = E[Γh(d, Xi)− Γh(d′, Xi)|Di = d], h(x) = pd′(x) (2.4)

GATEd,d′,z = E[Γh(d, Xi)− Γh(d′, Xi)|Zi = z], h(x) = 1 (2.5)

The APO Γh(d, Xi) for the ATE score takes h(x) = 1 since it applies to the whole pop-
ulation. The estimand for the ATET takes h(x) = pd′(x) as it applies to the population
of the treated. Note that, in my main specifications, I do not explicitly model the vari-
ation in assignment rate across schools within years. These variations contribute to
the plausibility of the four assumptions presented above. However, I estimate an IV
specification with the within year across school variation in program assignment rate
as an instrument in Appendix Section A.2.4.

2.3.3 Estimation with Double Machine Learning

The estimation procedure is represented in the stylized workflow of Figure 2.4.
In a first step, text representations are extracted from an independent, held-out sample
in order to avoid risks of overfitting, and are subsequently predicted on the main sam-
ple. This ensures that text representations are meaningful across the whole dataset.
Once text representations are predicted on the main sample, K-fold cross-fitting (see
Chernozhukov et al., 2018) is used to estimate the two nuisance parameters of inter-
est µ̂(d, x) (estimated conditional expectation of the outcome) and p̂d(x) (estimated
propensity score) using the covariates X presented in Panel A of Table 2.1 as well as
text covariates. Succinctly, the procedure works as follows: (i) the sample is randomly
split in K folds of equal size, (ii) one fold is left out, and the remaining K − 1 folds
are used to train machine learning models to estimate the nuisance parameters. These
models (iii) are used to predict p̂d(x) and µ̂(d, x) on the left-out Kth fold, and (iv)
the procedure is repeated such that each fold is left out once. Extracting text repre-
sentations from an independent sample requires the availability of large amount of
data, which is not always available. When not available, text representations can be
retrieved alongside the training of nuisance functions within each K − 1 folds.29 In this

29For each fold, the model used for text representation is trained on the K − 1 training folds and is
in turn used as a set of covariates to train the predictive model for the propensity score or the outcome.
In this case, text representations are discovered in each K − 1 fold and thus are fold-dependent. They
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Notes: This figure represents a stylized workflow of the estimation procedure. First information from
text is retrieved, then used in k−fold cross-fitting to estimate the two nuisance parameters (estimated
propensity score and estimated conditional expectation of the outcome). The doubly-robust score is
computed and used to estimate the estimands of interest (APO, ATE, ATET, IATE and GATE, optimal
policies).

Figure 2.4: Workflow of Double Machine Learning and text analysis

application, text representations are extracted from the City of St. Gallen sample in the
case of Word2Vec and the dictionary. Topics for STM and TIRM are extracted within
each K − 1 folds.

The nuisance parameters are then combined to build, on each left-out fold, the
doubly-robust (DR) score as:

Γ̂h=1
i,d = µ̂(d, Xi) +

1(Di = d)(Yi − µ̂(d, Xi))

p̂d(Xi)
. (2.6)

Since no observation is used to estimate its own nuisance parameter, cross-fitting re-
duces the risk of overfitting. I estimate the nuisance parameters with a combination
of many methods through an ensemble learner (Van der Laan, Polley, and Hubbard,
2007): I predict the nuisance parameters with three ML methods (Lasso, Elastic Net and
Random Forest) and with 11 different text representations on top of main covariates.
This results in 33 different estimations per fold. I obtain the weights of the ensem-
ble learner by cross-validating the out-of-sample MSE of each specification and use a
weighted combination of the 5 most predictive specifications in the final score.

From the score of the APO defined in Equation (2.6), the ATE is constructed
as the mean of the difference between the APO scores for the treatments of interest,
i.e. ÂTEi,d,d′ = Γ̂h=1

i,d − Γ̂h=1
i,d′ . For the ATET, the doubly-robust score for ÂTETi,d,d′ is[

1(Di=d)(Yi−µ̂d′ (Xi))
p̂d

− p̂d(Xi)
p̂d′ (Xi)

1(Di=d′)(Yi−µ̂d′ (Xi))
p̂d

]
where p̂d = P[D = d] = Nd/N (Farrell,

cannot be compared to text representations in other folds, and cannot be used as covariates of interest
in the set Z. To reduce computing times, the vocabulary (the set of tokens) is extracted for the whole
dataset before cross-fitting.
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2015). For point estimates of the APO, ATE and ATET, I take the means of the different
estimands and rely on single-sample t−tests for statistical inference.30 The GATEs are
estimated by taking the conditional mean of the ÂTEi,d,d′ over groups determined by
pretreatment variables Zi, i.e. by regressing the score ÂTEi,d,d′ on the group variables
of interest and using standard heteroscedasticity robust standard errors (following Se-
menova and Chernozhukov, 2021). To assess the effect heterogeneity along a continu-
ous variable Zi, Zimmert and Lechner (2019) and Fan et al. (2020) propose to regress
the individual score of ÂTEi,d,d′ on Zi with a kernel regression and standard inference
for nonparametric regression. I estimate second-order Gaussian kernel functions and
choose the 0.9 cross-validated bandwidth, as recommended by Zimmert and Lechner
(2019). Finally, I estimate IATEs by using a DR-learner, i.e. I train an ensemble learner
to predict the individual ATE score ÂTEi,d,d′ out-of-sample (see Kennedy, 2020; Knaus,
2021).31

Alongside its double-robustness property, the use of Double Machine Learning
(DML) and of the AIPW score has many advantages when working with text. First,
it allows for leveraging text representations both in the propensity score (as in Mozer
et al., 2020; Roberts, Stewart, and Nielsen, 2020) and in the outcome equation, which
reduces problems of extreme propensity score accuracy (Weld et al., 2020) and over-
comes difficulties of matching on both covariates and text.32 Second, by not relying on
one particular estimation method but combining many of them in an ensemble learner,
I make full use of different ML methods and use the ones that work best with each text
representation. This also mitigates potential misspecification of the text and covariate
functional forms.33

30This is possible without taking into account the fact that nuisance parameters are estimated in the
first place if the nuisance parameters estimators are consistent at a relatively fast rate, asymptotically
normal and semiparametrically efficient (Chernozhukov et al., 2018).

31I follow the following procedure: in a first step, I predict in each fold the nuisance parameters and
then compute the individual score ÂTEi,d,d′ . In a second step, I train an ensemble learner in the same
folds to predict ÂTEi,d,d′ from covariates X. In a third step, I use the trained ensemble learner to predict
ÂTEi,d,d′ on the left-out fold. This procedure is computationally heavier than an in-sample IATE predic-
tion but has the advantage of avoiding overfitting. It is however less computationally burdensome than
the cross-fitting procedure proposed by Knaus (2021), as I do not have to re-estimate, in each fold, the
text measures that need to be estimated in-sample.

32Matching algorithms for text as proposed by Mozer et al. (2020) are both computationally burden-
some and difficult to implement, insofar as assessing match quality of text is difficult (researchers must
find the relevant text reduction, the relevant text distance metrics, and the relevant matching assessment
tool, such as human coders).

33For instance, the Generalized Random Forest of Athey, Tibshirani, and Wager (2019) or the Modified
Causal Forests of Lechner (2019) rely exclusively on random forest, which might not perform well on a
“bag-of-words” representation of text due to the high number of sparse dummy variables.
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2.4 Results: returns to special education programs

In this section, I present different sets of main results: first, I present the pair-
wise effects for inclusive SpEd interventions (i.e., interventions that are provided in
the mainstream school environment). Second, I focus more specifically on the effect of
inclusion vs. semi-segregation. Third, in order to relate to existing literature, I look at
the “extensive margin” of SpEd interventions and assess the effect of being assigned
to a program vs. being assigned to no program at all. This set of results corresponds
to the effect traditionally estimated in the literature. Fourth, I conduct analyses of the
heterogeneous effect of inclusion. Finally, I perform a series of further analyses and
robustness checks.

2.4.1 Returns to Special Education programs in inclusive school set-

tings

I first present, in Figure 2.5, returns to SpEd on academic performance for inter-
ventions that are the closest in degree of severity and inclusion, and which are either
provided as supportive or remediation measures (counseling, academic support or tu-
toring, individual therapies, and inclusion) provided in the mainstream school envi-
ronment. Results read as follows: pairwise effects give the effect for being assigned
to the first program (for instance, in the first column, to counseling) instead of being
assigned to the second program (e.g., to no program) on academic performance (Panel
a), probability to be unemployed (Panel b), the probability to use disability insurance
(Panel c), and on work income (Panel d). Test scores and wages are standardized with
mean 0 and standard deviation 1. The baseline (“No SpEd”) probability of unemploy-
ment benefit recipiency is 0.19, and 0.07 for disability insurance recipiency. Effects
account for all the observed confounding from covariates (such as gender and IQ) as
well as all information contained in the psychologists’ records. Point estimates and
95% confidence intervals are shown graphically, and both the effect for the whole pop-
ulation (ATE) and the effect for the population of the treated (ATET) are represented.34

Pairwise effects compare interventions that are the most similar, but that incrementally
differ in their severity. For instance, the pairwise comparison of academic support and
individual therapy compares interventions which are very similar and which target

34Regression tables with point estimates and exact confidence intervals are available upon request.
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(c) Probability of using DI (d) Work income (standardized)
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Notes: This figure depicts pairwise treatment effects for Special Education programs in St. Gallen. Each
pair compares interventions that are the closest in degree of severity and inclusion. Each pairwise treat-
ment effect is the effect of being assigned to the first program in comparison to the second program on
one of the four outcomes presented in the panel headers. Both the treatment effect on the whole popula-
tion (ATE) and on the population of the treated (ATET) are presented. “Ind. therapy” is the abbreviation
for individual therapies, “Acad. support” for academic support, and “no SpEd” for receiving no pro-
gram. Nuisance parameters are estimated using an ensemble learner that includes text representations
presented in the “data” section. 95% confidence intervals are represented and are based on one sample
t-test for the ATE and the ATET. Test results and wages are standardized with mean 0 and standard
deviation 1. The baseline (“No SpEd”) probability of unemployment benefit recipiency is 0.19, and 0.07
for disability insurance recipiency. Source: SPS.

Figure 2.5: Pairwise returns to Special Education programs according to their level of inclusion.

issues that are overlapping. The exception is counseling, which I compare to no treat-
ment, as counseling does not happen in schools but with independent psychologists.
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Results clearly show that returns to counseling are positive for academic perfor-
mance. Students who receive counseling seem to fare better academically in compar-
ison to those who do not receive any intervention but who exhibit similar difficul-
ties and characteristics. This effect is four times the 0.1 standard deviation effect size
criterion for successful interventions suggested by Bloom et al. (2006) and Schwartz,
Hopkins, and Stiefel (2021). Academic support offers no benefits but does not harm
either. Results suggest that individual therapies are more effective than tutoring to
improve academic performance. This is due most likely to the fact that students in
individual therapies work alone with a trained therapist who can address the roots of
their learning difficulties (for instance, dyscalculia or speech problems). Finally, stu-
dents in inclusive intervention fare worse than students in individual therapies. The
main explanation for this difference is that inclusion is designed to address clusters
of learning, psychological, behavioral and social problems, whereas individual thera-
pies tackle one particular (learning) disability. Dealing with multi-faceted issues might
render inclusion less effective in terms of academic achievement.

Long-term labor market effects are consistent with the effects on academic per-
formance. As regards the probability of being unemployed and thus of benefiting from
unemployment insurance, results show that counseling (-3 percentage points) and in-
dividual therapies (-10 percentage points) have a positive effect. Students benefiting
from academic support are more likely to be unemployed than students with the same
issues receiving no SpEd. A possible explanation for this negative labor integration
effect is that these students needed support to succeed in school, support which is no
longer provided once they enter the labor market. Individual therapies are more ef-
fective than tutoring in lowering unemployment probability (-10 p.p.), and are almost
as effective as inclusion. Most pairwise effects indicate that intenser programs lead to
lower probabilities of benefiting from disability insurance, with individual therapies
showing the strongest reduction in disability insurance recipiency. The difference be-
tween inclusion and individual therapies in terms of disability insurance recipiency
is small (0.8 percentage points for the ATE, 0 for the ATET). Finally, effects in wage
returns remain small, as most pairwise effects are kept within the 0.1 standard devia-
tion effect size criterion for successful SpEd interventions. Only individual therapies
increase expected wage returns by almost 0.15 standard deviations in comparison to
tutoring.

Figure A.3 in the Appendix shows that more severe interventions in the inclusive
setting slightly increase the probability of taking the Stellwerk8 test. Although the
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Stellwerk8 test does not indicate graduation per se, these results back the idea that
SpEd interventions slightly increase the probability of attending high-stake tests close
to the age of graduation, which brings nuance to the findings of Schwartz, Hopkins,
and Stiefel (2021), McGee (2011) or Kirjavainen, Pulkkinen, and Jahnukainen (2016).
Moreover, Figure A.3 shows that more serious interventions in inclusive settings are
as effective as more benign interventions in ensuring that students with SEN take the
test.

Finally, in most pairwise treatment effects, the ATE does not differ significantly
from the ATET, which suggests that effects for the population of the treated are consis-
tent with effects for the whole population. Noticeable differences between the ATE and
the ATET persist for the pairwise comparisons that involve the “no treatment” category
in the case of disability insurance. For these comparisons, the population of students
who either receive counseling or academic support are more positively affected than
the whole population by the interventions.

2.4.2 Returns to Special Education programs in segregated school

settings

I now pay closer attention to returns to inclusion and segregation. I first com-
pare inclusion and semi-segregation, which are two SpEd programs that are consid-
ered as close substitutes in St. Gallen. Second, I compare semi-segregation with full
segregation. Results presented in Figure 2.6 speak in favor of inclusive measures
when it comes to improving academic performance: students in inclusive settings per-
form on average 0.6 test score standard deviations better than students sent to semi-
segregation. The most commonly given explanation for the success of inclusion in the
literature is that mainstreaming enhances the performance of students with SEN due
to a more stimulating and demanding environment (e.g., Cole, Waldron, and Majd,
2004; Daniel and King, 1997; Peetsma et al., 2001).

As regards labor participation, students sent to semi-segregation have a 10 per-
centage point higher probability to become unemployed than SEN students kept in the
mainstream classroom. If students in inclusive settings have an average probability of
being unemployed of around 11%, this probability reaches around 20% for students
in semi-segregation. These findings confirm findings from Eckhart et al. (2011), who
mention the lack of social network of segregated students as a plausible reason for
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Notes: This figure depicts relevant pairwise treatment effects for Special Education programs in St.
Gallen. Each pairwise treatment effect is the effect of being assigned to the first program in comparison
to the second program on one of the four outcomes presented in the panel headers. Both the treatment
effect on the whole population (ATE) and on the population of the treated (ATET) are presented. “Semi-
segr.” is the abbreviation for semi-segregation (segregation in small classes), and “Full segr.” stands for
full segregation (in special schools). Nuisance parameters are estimated using an ensemble learner that
includes text representations presented in the “data” section. 95% confidence intervals are represented
and are based on one sample t-test for the ATE and the ATET. Test results and wages are standardized
with mean 0 and standard deviation 1. The baseline (“Inclusion”) probability of unemployment benefit
recipiency is 0.19, and 0.04 for disability insurance recipiency. Source: SPS.

Figure 2.6: Pairwise returns to segregated SpEd programs.

lower employment. Moreover, these results might be explained by the fact that semi-
segregation is attached to a signaling penalty, i.e. semi-segregation results in an irreg-
ular degree that considerably reduces access to regular VET programs. This is even
more striking as lower employment by semi-segregated students comes exclusively
from unemployment insurance and not from disability insurance. Estimates show a
significant wage gap: students placed in semi-segregated settings earn on average 0.15
standard deviations less than students placed in the main classroom.

Returns to full segregation in comparison to semi-segregation are grim: the seem-
ingly positive returns to full segregation in terms of academic performance are mostly
due to selection into test participation (see Figure A.3). Since, in the Canton of St.
Gallen, only students in segregated schooling environments are allowed to opt out of
the mandatory test, SEN students in full segregation are between 20 to 30 percentage
points less likely to take the SW8 test than students in semi-segregation. Contrary to
the case of semi-segregation, results for full segregation correspond to the findings of
McGee (2011) and Kirjavainen, Pulkkinen, and Jahnukainen (2016), who found a lower
graduation rate for students in SpEd. This emphasizes the importance of making a
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distinction between semi-segregation and full segregation when assessing the effects
of segregation in general.

SEN students assigned to segregated schooling have a significantly higher prob-
ability of benefiting from disability insurance, but not of becoming unemployed. In-
terestingly, the channels of (lack of) labor market participation are different for semi-
segregated and fully segregated students: whereas students in small classes are more
likely to be unemployed, students in special schools are likely to end up on disability
insurance. This is not surprising in light of the information extracted from the psycho-
logical records. Records strongly suggests that students in full segregation are students
with a higher probability of suffering from motor disabilities, developmental problems
as well as speech and language problems (see Figure A.4). Students with SEN are less
likely to be sent to full segregation for learning disabilities. As mentioned in the iden-
tification section, results about full segregation should be interpreted with caution, as
overlap is difficult to obtain for students in full segregation.

2.4.3 Returns to Special Education interventions against no interven-

tion

Most of the literature evaluating SpEd programs focuses on returns to SpEd as
a single intervention, without distinguishing between SpEd programs. My results
clearly show that SpEd cannot be considered as a single intervention, and that each
program brings different returns. In order to compare my results to results presented
in the existing literature, I now compare the effect of each program with receiving no
program at all. Even though all effects take into account observed confounding from
covariates and text, it is clear that the ATE and ATET between receiving an interven-
tion and not receiving one becomes more and more difficult to identify as interventions
become more severe (lack of overlap). I therefore remain cautious when interpreting
the effect of receiving no intervention with receiving more intensive interventions such
as semi-segregation.

Figure 2.7 presents main results and shows intervention effects from the least in-
tensive interventions (left) to the most intensive interventions (right). I represent again
the first two pairwise effects for sake of comparison. Counseling and individual thera-
pies have positive academic returns (their effects exceed the threshold of 0.1 standard
deviations in test score). Academic support and inclusion bring almost zero returns
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(c) Probability of using DI (d) Work income (standardized)

(a) SW8 test results (standardized) (b) Probability of being unemployed

Counselling
 − No SpEd

Acad. support
 − No SpEd

Ind. therapy
 − No SpEd

Inclusion
 − No SpEd

Semi−segr.
 − No SpEd

Full segr.
 − No SpEd

Counselling
 − No SpEd

Acad. support
 − No SpEd

Ind. therapy
 − No SpEd

Inclusion
 − No SpEd

Semi−segr.
 − No SpEd

Full segr.
 − No SpEd

0.0

0.1

−0.4

−0.2

0.0

0.2

−1.0

−0.5

0.0

0.5

0.0

0.1

0.2

0.3

Estimand ATE ATET

Notes: This figure depicts relevant pairwise treatment effects for Special Education programs in St.
Gallen. Each pairwise treatment effect is the effect of being assigned to the first program in compar-
ison to being assigned to no program on one of the four outcomes presented in the panel headers. Both
the treatment effect on the whole population (ATE) and on the population of the treated (ATET) are
presented. “Ind. therapy” is the abbreviation for individual therapies, “Acad. support” for academic
support, “no SpEd” for receiving no program, “Semi-segr.” for semi-segregation (segregation in small
classes), and “Full segr.” for full segregation (in special schools). Nuisance parameters are estimated
using an ensemble learner that includes text representations presented in the “data” section. 95% con-
fidence intervals are represented and are based on one sample t-test for the ATE and the ATET. Source:
SPS.

Figure 2.7: Pairwise returns to Special Education vs. No Special Education.

(for inclusion, I measure -0.0878 for the ATE and -0.121 for the ATET). Students with
SEN in these four programs catch up on the labor market: they are less likely to be un-
employed (Figure 2.7b.), are less likely to end up on disability insurance (Figure 2.7c.),
and earn as much or even more than students having received no SpEd (Figure 2.7d.).
Only academic support does not improve chances of labor market integration.
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Effects of segregation are generally negative. Segregated interventions have neg-
ative academic returns (the negative effects of full segregation are due to attrition into
test taking), and generate negative labor market outcomes. Students with SEN in semi-
segregated settings have a higher probability of becoming unemployed (around 10
percentage points), but not of receiving DI. However, returns to semi-segregation in
terms of wages are similar to receiving no SpEd at all. In contrast, students with SEN
assigned to segregated schooling have a significantly higher probability of benefiting
from disability insurance, but not of becoming unemployed.

2.4.4 Inclusion and semi-segregation: who benefits from segrega-

tion?

Is inclusion always preferable to segregation for students with SEN? Despite
the (political) decision to implement inclusive SpEd rather than segregated SpEd, a
nuanced analysis about which students might still benefit from segregation is lack-
ing. In this section, I explore whether average effects of inclusion compared to semi-
segregation hides treatment effect heterogeneity, and whether semi-segregation might
be beneficial for some students.

I first investigate Individual Average Treatment Effects (IATEs) for the effect of
inclusion in comparison to semi-segregation. IATEs give the treatment effects at the
most granular level and are useful to identify students with SEN who benefit the most
from each treatment assignment. Figure 2.8 reports the smoothed distribution of IATEs
per outcome with the light horizontal bars depicting the first and fifth quintiles of the
IATE distribution.35 The distributions of IATEs are quite spread out, indicating large
heterogeneities in responses to semi-segregation in comparison to inclusion across stu-
dents with SEN. This is specially salient for IATEs in academic performance. For all
outcomes, some students are shown to be indifferent between semi-segregation and
inclusion, or even to benefit from semi-segregation.

To have an idea of which individual characteristics are the most predictive of
treatment effect size, I perform a classification analysis in the spirit of Chernozhukov,

35Note that some predicted IATEs have very large values, especially for the test scores. This is due
to the fact that the DR-learner is weighted by the inverse of the propensity scores, which do not sum to
one in finite samples. Although I am not concerned with extreme values in this case, I computed the
normalized DR-learner of Knaus (2021), which mitigates this problem. Results are very similar, and are
available upon request.
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Notes: This graph represents the smoothed distribution of IATEs for the four outcomes of interest. The
IATEs were predicted out-of-sample using the DR-learner presented in Equation (2.6). The average
effect is reported in the figure. Light quintile bars represent the median and the 1st. and 5th. quintiles
of the IATE distribution.

Figure 2.8: Distributions of IATEs for segregation vs. inclusion.

Fernández-Val, and Luo (2018). I group the predicted IATEs into quintiles and com-
pare the standardized means difference (SMD) of covariates for students with the 20%
highest IATEs (fifth quintile) and students with the 20% lowest IATEs (first quintile).
For the probability of unemployment, the first and fifth quintiles are reversed in the ta-
ble, as students in the fifth quintile suffer the most from semi-segregation. SMDs that
are larger than 0.2 are considered to be large (Rosenbaum and Rubin, 1985). I report
covariates for which the standardized mean difference is higher than 0.2 in at least one
of the treatment effects. Note that I do not report results for disability insurance, as
average effects are almost zero.

Table 2.3 shows the characteristics of students in the lower and higher tails of the
IATE distributions according to main covariates. Students in the highest IATE quin-
tile for academic performance are more likely to be nonnative students referred for
social and emotional issues. Students in need of psychological support are also more
likely to benefit from semi-segregation for academic performance. This particular pop-
ulation of students with SEN is also more likely to benefit from inclusion in terms of
employment and wages. Finally, results clearly show that the age at referral is impor-
tant for labor market outcomes: students that are referred earlier to the SPS clearly
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Test scores Unemployment Probability Wage

Quint. I. Quint. V. SMD Quint. V. Quint. I. SMD Quint I. Quint. V. SMD

Main covariates

Female 0.45 0.38 0.14 0.41 0.39 0.04 0.48 0.35 0.28
Nonnative 0.07 0.34 0.73 0.06 0.22 0.48 0.04 0.21 0.55
IQ 93.41 97.20 0.34 94.66 94.82 0.01 95.82 93.66 0.18
Age referral 8.00 8.39 0.19 10.06 8.61 0.63 10.06 8.40 0.75
Referral: social/emotional problems 0.13 0.37 0.56 0.13 0.28 0.39 0.13 0.27 0.34
Referral: performance/learning problems 0.87 0.90 0.09 0.91 0.79 0.35 0.85 0.84 0.03
Referral: conflict with teacher 0.02 0.05 0.21 0.01 0.04 0.141 0.01 0.03 0.11
Need psychological treatment 0.13 0.26 0.31 0.14 0.24 0.27 0.11 0.25 0.35
Nonnative × Female 0.04 0.13 0.34 0.03 0.08 0.22 0.02 0.08 0.28
Nonnative × Social/emotional 0.01 0.11 0.43 0.01 0.06 0.31 0.00 0.06 0.33

Table 2.3: Classification analysis of IATEs for semi-segregation vs inclusion

Notes: This table shows the mean of each covariate and the standardized mean differences (SMD) across
both SE programs between the fifth and the first quintile of the respective estimated IATE distribution.
The first quintile refers to the most negative effects, whereas the fifth quintile to the most positive effects.
For the probability of unemployment, the first and fifth quintiles are reversed (as students in the fifth
quintiles suffer the most from semi-segregation). For two SE programs w and w′, SMDs are computed
as x̄w−x̄w′√

s2
w+s2

w′
2

, where x̄w is the mean of the covariate in treatment group w and s2
w is the sample variance of

covariate in treatment group w. SMDs higher than 0.2 are depicted in bold.

better benefit from segregation in terms of labor market integration. It is important to
note that gender alone is not a predictive characteristic of different individual effects,
the exception being that female students can expect worse wage outcomes as a result
of semi-segregation.

Group heterogeneity in the effect of semi-segregation: the disruption hypothesis

An argument in favor of semi-segregation is that it attenuates disruption in the main
classroom by removing “disruptive” students from the mainstream environment.
However, the question whether semi-segregation is more beneficial than inclusion for
“disruptive” peers has not yet been answered in the literature. Disruptive students are
students who disturb their classmates and need additional teacher time and attention
(see Lazear, 2001; Carrell, Hoekstra, and Kuka, 2018). They might benefit from a segre-
gated environment, which offers them increased teacher time and the right monitoring
to focus on academic tasks. In this section, I explore whether returns to inclusion and
semi-segregation systematically differ along pretreatment characteristics that poten-
tially reveal disruptive behaviors: gender, nonnative speaking, whether the student
has been referred for behavioral problems, and interaction between these groups.
Disruptive behaviors are known to be prevalent in male students (Bertrand and Pan,
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Figure 2.9: GATEs for semi-segregation vs inclusion

Notes: This graph presents estimated GATEs for the treatment effect of semi-segregation vs. inclusion.
The GATEs are represented on the x axis. Red dots indicate the treatment effect for the reference category
(those students who do not belong to the category of interest), and blue dots indicate the treatment effect
for the category of interest. The stars indicate the statistical significance of the difference between the
two groups. For instance, the first row of the first column shows that the treatment effect of semi-
segregation vs. inclusion is -0.75 test score standard deviations for students without social or emotional
problems. The treatment effect is -0.55 for students with social or emotional problems. The difference in
treatment effect between both groups is statistically significant (p < 0.01).

2013; Lavy and Schlosser, 2011b), students with behavioral problems (Fletcher, 2009),
or nonnative speakers (Diette and Uwaifo Oyelere, 2014; Cho, 2012).

Findings about the “disruptiveness” hypothesis are presented in Figure 2.9. Each
row of the figure gives the results of a regression where the DR score for the ATE
is regressed on the group dummy. The GATEs are represented on the x axis. Red
dots indicate the treatment effect for the reference category (those students who do
not belong to the category of interest), and blue dots indicate the treatment effect for
the category of interest. The stars indicate the statistical significance of the difference
between the two groups. For instance, the first row of the first column shows that the
treatment effect of semi-segregation vs. inclusion is -0.75 test score standard deviations
for students without social or emotional problems. The treatment effect is around -
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0.55 for students with social or emotional problems. The difference in treatment effect
between both groups is statistically significant (p < 0.01).

From this analysis, two main conclusions can be drawn. First, heterogeneity
in effects along disruptive characteristics are important for school performance, and
also for long-term outcomes. Major effect differences between inclusion and semi-
segregation can be found for male nonnative students with social or emotional prob-
lems. Second, results of the GATE analysis clearly show that “disruptive” students
tend to benefit more from semi-segregation than non-disruptive students. However,
my analysis does not show that “disruptive” students would perform better in semi-
segregation settings: they would still be better off in inclusive settings. In particular,
while semi-segregation negatively impacts SEN students on average, three particular
groups of SEN students seem to have systematically higher GATEs: nonnative speak-
ers, students with social and emotional problems, and male students. Any subgroups
of students among these three groups exhibit GATEs that are higher than the ATEs. For
instance, the effect on test scores of semi-segregation in comparison to inclusion is 0.3
standard deviations higher for nonnative speakers than for native speakers. Nonnative
speakers are also less likely to be unemployed when segregated than native speakers,
and they expect higher wages. When segregated, they expect a wage premium of .15
wage standard deviations higher than for natives, making semi-segregation as good as
inclusion in terms of expected wages. The subgroup that would see the smallest differ-
ence between inclusion and semi-segregation are nonnative students with emotional
or behavioral problems, who would perform only .19 test score standard deviations
less in segregation than in inclusion (and almost 0.6 standard deviations better than
other students in semi-segregation). All in all, even though inclusion remains on av-
erage better for students with SEN, even for those with “disruptive” characteristics,
my results show that “disruptive” students are the students who benefit the most from
semi-segregation.

Do the effects of semi-segregation vary with school characteristics?

School characteristics, especially the school socio-economic composition (SES score),
could potentially drive the effect of inclusive and semi-segregated programs. To in-
vestigate this mechanism, I explore treatment heterogeneity in school characteristics
for inclusion and semi-segregation. To estimate CATEs with respect to school charac-
teristics, I regress the continuous school characteristics on the DR score for the ATE
following Zimmert and Lechner (2019) as explained in Section 2.3.3. I present results
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for the CATE for academic test score and for the probability to be unemployed in Fig-
ure A.4 and Figure A.6. I do not report per-student spending in my heterogeneity anal-
ysis given that it has been measured only once in 2017 and would not reflect schools’
change of SpEd policies across the years.

Results show an interesting tendency in the effects of inclusion in comparison
to semi-segregation. Negative effects in school performance get closer to 0 as school
size increases, and also as the schools’ SES score and the share of nonnative students in-
crease. For instance, the negative effects of semi-segregation become 0.2 standard devi-
ations smaller when the school has a high SES score (meaning that the school’s popula-
tion is of a lower average SES status). The magnitude of this effect is rather substantial,
and would indicate that students in schools that have a less homogeneous population
(mostly in urban schools) and with more lower SES students are not harmed as much
if they are segregated. The same picture is reflected in the effects for the probabil-
ity to be unemployed: the negative effects of semi-segregation become almost zero in
schools with a high number of foreign language speaking students, and with a higher
SES score.

Thus, the negative effects of semi-segregation are shown to slightly fade out for
schools that are more socially and economically diverse. One potential explanation
for this phenomenon is that the average level of disruptiveness in schools with more
diversity would make semi-segregation comparatively more effective for disruptive
students. Another possible explanation is that inclusion works better when teachers
are less overwhelmed, i.e. in more homogeneous classrooms. These findings indi-
rectly corroborate teachers’ worries that inclusion is difficult to implement when the
population of students is already difficult to deal with in the main classroom.36

In conclusion, my analysis shows that semi-segregation programs are less effec-
tive than inclusion in terms of academic performance and labor market integration for
(almost) all students with SEN. However, students who exhibit “disruptive” character-
istics, i.e. male students, students with social and emotional problems, and nonnative
speakers, are the students who benefit most from semi-segregation. Importantly, the
success of inclusion or semi-segregation does not depend on IQ, gender or the preva-

36Such arguments have been expressed by teachers: inclusion is a factor of teachers’ overload, in-
compatibility between non-SEN and included SEN students, and a lack of efficiency for SEN students.
Newspaper articles from the Tagblatt newspaper in St. Gallen regularly refer to the problem. For in-
stance “How inclusion divide teachers”, “Special education needs resources”, “Include instead of segregate”,
“Teaching the same to students who are not the same”, “The integrative model puts teachers to their limits”.

https://www.tagblatt.ch/ostschweiz/wenn-die-integration-die-lehrer-zerreisst-ld.1120235
https://www.tagblatt.ch/ostschweiz/stgallen-gossau-rorschach/foerderung-braucht-ressourcen-ld.379372
https://www.tagblatt.ch/ostschweiz/stgallen-gossau-rorschach/integrieren-statt-separieren-ld.387848
https://www.tagblatt.ch/ostschweiz/zusammen-unterrichten-was-nicht-zusammengehoert-ld.1120241
https://www.tagblatt.ch/ostschweiz/das-integrative-schulmodell-bringt-lehrer-an-ihre-grenzen-verbaende-fordern-kleinklassen-bildungsforscher-raten-davon-ab-ld.1122379
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lence of learning disabilities: this is especially true for school performance, but also
extends to labor market integration. Finally, the schools’ average SES status and popu-
lation of nonnative students has non-negligible influence on the effect of inclusion and
semi-segregation SpEd programs.

2.4.5 Further analyses and robustness checks

I conduct a battery of robustness tests in Appendix A.2. In Appendix A.2.1, I ac-
count for potential overlap and lack of common support problems in the generalized
propensity score distribution and implement overlap-weighted average treatment ef-
fects (Li, Morgan, and Zaslavsky, 2018; Li and Li, 2019) as well as different trimming
schemes (see Crump et al., 2009; Stürmer et al., 2010). I find that point estimates do not
vary much when extreme weights are trimmed, and become less precisely estimated.

In Appendix A.2.2, I investigate how sensitive my estimates are to the inclusion
of text covariates in order to see how much confounding my text variables are able to
remove. I find that estimates based on both covariates and text information are on aver-
age 29% smaller than estimates that do not leverage the text information. Furthermore,
I account for the possibility that my text representations capture the psychologist’s bi-
ases (towards a certain treatment or a certain writing style) rather than information on
the student. I show that my estimates remain consistent with my main findings when
I strip out psychologists’ effects from the text.

In Appendix A.2.3, I tackle the problem of potential selective attrition in the mea-
sured outcomes. I conduct an attrition analysis by showing the results for the cohorts
that are in both the SW8 and the SSA subsamples. Results of this check are in line with
main results.

Finally, even though I observe the assignment process in its entirety through writ-
ten reports, some factors influencing SpEd placements might still remain unobserved.
I address this issue by leveraging the within year across school variation in supply of
SpEd as an instrument to compare the outcomes of SEN students in inclusive settings
with similar peers in semi-segregated settings (in the spirit of Keslair, Maurin, and Mc-
Nally, 2012). In Appendix A.2.4, I present Local Average Treatment Effects of inclusion
on students who would have been segregated, had they lived in a school that imple-
mented semi-segregated SpEd programs. LATE results corroborate my main findings.
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2.5 Policy learning: optimal SpEd placement for inclusion and

semi-segregation

How would a school psychologist or a policy maker assign SEN students to
the program that corresponds the best to their particular characteristics? Getting in-
sights from the literature on statistical treatment rules (e.g., Kitagawa and Tetenov,
2018; Manski, 2004), I perform optimal treatment allocations simulations based on tree-
search based algorithms (Athey and Wager, 2021; Zhou, Athey, and Wager, 2018). I
leverage my rich set of covariates as well as the information retrieved from the psycho-
logical records to look at whether policy makers might be able to better tailor policies
on the basis of observed individual characteristics. I focus on allocation to inclusion
and semi-segregation, two programs that are used as quasi-substitutes in St. Gallen.

Let π(Zi) be a policy rule that leverages a relatively small number of observed
individual characteristics of interest Zi to assign individuals to a treatment d. The
number of characteristics in Zi is small because it contains variables that can be easily
interpreted and used by a policy maker. For each policy rule π(Zi) among all candidate
policy rules Π, a policy value summarizes the estimated population potential outcome
attained under the policy. The policy value is the average of the individual APOs
(defined by Equation (2.6)) under the policy rule Q̂(π) = 1

N ∑D
d=1 ∑N

i=1 1(π(Zi) = d)Γ̂d
i .

The goal of the policy maker is to find the optimal policy, i.e. the particular policy rule
among all possible policy rules that maximizes the policy value. This means finding
the policy rule π̂∗ that maximizes the policy value function π̂∗ = arg maxπ∈ΠQ̂(π)

among all candidate policies. Note that the goal of this exercise is not to discriminate
students on the basis of their characteristics, but to guide policy makers on how they
could potentially improve policies by leveraging observed characteristics.

For instance, a policy maker could propose three candidate policy rules for opti-
mal placements: (1) assign all SEN students to inclusion; (2) assign all SEN students
to semi-segregation; (3) “split” students along their nonnative status, i.e. assign all
nonnative speakers to semi-segregation and all other students to inclusion. The policy
value of the first rule is the average of all APOs under inclusion, and similarly for the
second rule under semi-segregation. For the third rule, the policy value would be the
average over the APO under semi-segregation for all nonnative students and over the
APO under inclusion for all native students. The policy maker would then choose the
policy with the highest overall policy value.
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To find the optimal policy, I compute the policy tree algorithm with fixed depth
based on double machine learning of Zhou, Athey, and Wager (2018).37 Intuitively,
trees (policy rules) split the sample along variables in Zi many times, and the split that
gives the maximal policy value is given as the optimal policy. I experiment with policy
trees of depth 2 and 3 (the depth indicates the number of times leaves are split) with
two different sets of student attributes Z, i.e. the baseline covariates and covariates ex-
tracted from the diagnosis (dictionary approach). I compute optimal policy allocations
for inclusion or semi-segregation on the subsample of students either sent to inclusion
or segregation. As outcomes, I look at test scores and labor-market integration (prob-
ability of employment). I subsequently link optimal policy allocations to actual and
counterfactual policy costs, which are estimated by taking average costs per student
per year of each SpEd placement given by the Canton of St. Gallen.38 I then compare
changes in costs and changes in policy value for each optimal policy.

Panel A of Table 2.4 compares the actual observed percentage of students as-
signed to inclusion and to semi-segregation with the allocation of students resulting
from optimal reallocation. Around 70% of the students sent either to inclusion or semi-
segregation who took the SW8 test were actually assigned to inclusion, and 53% of stu-
dents who were registered in the SSA dataset were assigned to inclusion. For academic
performance, the policy value of the actual implemented policy is -0.46, and it is 0.67
for labor market integration (which gives the average employment probability under
the implemented policy). I propose four reallocation policies for each outcome. All
proposed policies dramatically improve the policy value by reallocating the majority
of students to inclusion rather than segregation. All proposed policies would reduce
overall costs, but not dramatically so (at around 94% of actual realized cost). In gen-
eral, proposed assignment schemes are very similar in terms of improved outcomes
and reduced costs.39

37The algorithm finds the optimal policy such that it minimizes the regret function, i.e. the difference
between the true and the estimated optimal policy value. In general, see algorithm 1 in Zhou, Athey,
and Wager (2018).

38For costs, I use the following estimates obtained from SG-Volksschulgesetznachtrag 2013. A student in
mainstreamed environment costs between 15’000 and 20’000 CHF (approximately 16’500 to 22’000 USD)
on average per year, depending on the school and the grade. I take the highest estimate, namely 20’000
CHF. A student in semi-segregation costs on average 24’500 CHF (27’000 USD) per year. Individual,
hour-long therapy SpEd programs costs on average 5000 CHF (5500 USD) per year. Schooling in full
segregation settings costs between 39’000 and 260’000 CHF, on average between 70‘000 to 80’000 CHF
(77’000 USD to 88’000 USD) per student per year.

39One could think that the remaining students sent to segregation are observations with extreme
weights in their doubly robust score. I computed the same policy classification after trimming, and the
policy rules would consistently send the same amount of students to segregation.
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Panel A: Allocation to program in percent and potential cost reduction

% Students % Students Policy Costs per year Percent of
sent to sent to semi- value (in mm CHF) actual costs

inclusion segregation

Test scores. N = 2988

Actual allocation 0.69 0.31 -0.46 63,925 1
Depth 2 and baseline variables 0.96 0.04 -0.29 60,271 0.94
Depth 3 and baseline variables 0.96 0.04 -0.27 60,235 0.94
Depth 2 and diagnosis variables 0.96 0.04 -0.29 59,762 0.93
Depth 3 and diagnosis variables 0.97 0.03 -0.27 60,145 0.94

Probability of employment. N = 2939

Actual allocation 0.53 0.47 0.67 64,958 1
Depth 2 and baseline variables 0.83 0.17 0.79 61,007 0.94
Depth 3 and baseline variables 0.87 0.13 0.80 60,490 0.93
Depth 2 and diagnosis variables 0.87 0.13 0.79 60,485 0.93
Depth 3 and diagnosis variables 0.85 0.15 0.81 60,796 0.94

Notes: This table shows the treatment assignment from four different policies. The depth indicates the depth of the policy trees. The baseline
variables are individual covariates excluding variables from text, and diagnosis variables are individual covariates together with covariates
from the diagnoses extracted from the text (dictionary approach). The policy value is the average APO under each policy. Total cost estimates
and potential cost reduction from the implemented policies are computed.

Panel B: Cross-validated difference between optimal policy value and different policies

All inclusion All semi-segregation Assigned policy

Test scores. N = 2988

Depth 2 and baseline variables -0.010∗∗ 0.651∗∗∗ 0.484∗∗∗

(0.004) (0.036) (0.029)
Depth 3 and baseline variables -0.009∗ 0.652∗∗∗ 0.485∗∗∗

(0.004) (0.036) (0.029)
Depth 2 and diagnosis variables -0.009∗∗ 0.652∗∗∗ 0.485∗∗∗

(0.004) (0.036) (0.029)
Depth 3 and diagnosis variables -0.015∗ 0.646∗∗∗ 0.478∗∗∗

(0.009) (0.035) (0.029)

Probability of no unemployment. N = 2939

Depth 2 and baseline variables -0.027∗∗∗ 0.110∗∗∗ 0.016
(0.008) (0.037) (0.028)

Depth 3 and baseline variables -0.031∗∗ 0.106∗∗∗ 0.012
(0.013) (0.035) (0.029)

Depth 2 and diagnosis variables -0.021∗∗ 0.116∗∗∗ 0.022
(0.009) (0.037) (0.028)

Depth 3 and diagnosis variables -0.043∗∗∗ 0.094∗∗∗ -0.000
(0.014) (0.035) (0.030)

Notes: This table displays validation tests for policy trees. 10-fold cross-validation is used. Optimal policies are compared to either send-
ing everyone to inclusion, to sending everyone to semi-segregation, or to the (already implemented) observed policy. For each policy,
the average difference between the APO under the optimal policy and the APO under one of the three alternative policies is computed.
Inference is done with a one sample t−test on the difference. Standard deviations of one-sample t-test in parenthesis. ∗∗∗: p <0.01, ∗∗: p
< 0.05, ∗: p < 0.1.

Table 2.4: Optimal policies for inclusion and semi-segregation
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What are the rules that allow better allocation of students in terms of better school
performance? Figure A.8 represents the tree policies for improved test scores. Inter-
estingly, a simple policy tree of depth 2 would automatically assign all nonnative stu-
dents with emotional or social issues to semi-segregation, as well as all gifted students
(with IQ higher than 125) without emotional or social issues to semi-segregation. All
other students with SEN would be assigned to inclusive settings. This makes sense
since students with social problems are likely to be disruptive and might benefit from
segregation, and since gifted students might benefit from “pull-out” programs. This
policy would outperform the actual assignment by gaining an average of around 0.2
test score standard deviations.40 The policy tree of depth 3 with baseline characteris-
tics confirms the importance of issues in emotional or social behaviors, problems with
test performance, and IQ score as important variables for optimal policies. Policies
using diagnoses are very similar to policies based solely on main covariates, which
highlights the fact that diagnoses extracted from text are not very predictive of policy
improvement.

Sending more students to inclusive settings has benefits for integration on the la-
bor market. The second part of Panel A in Table 2.4 shows that by sending less students
to semi-segregation, the average employment probability can be increased by around
20 percentage points for quasi-similar policy costs. Interestingly, proposed policies
that target better labor-market integration send a larger share of students to semi-
segregation. Figure A.10 shows that semi-segregation is the most helpful for students
with IQ scores lower than average, without performance or learning problems. In gen-
eral, IQ seems to be the most predictive variable of success of semi-segregation with
respect to labor-market integration. Students who were not given an IQ test would
also be sent to semi-segregation. From the trees with diagnoses, we learn that children
with ADHD would be sent to semi-segregation. The policy tree of depth 3 that lever-
ages the information on ADHD is the most effective policy in terms of labor market
integration.

To test whether the decision trees are stable, I conduct validation tests inspired
by Zhou, Athey, and Wager (2018) and Knaus (2021). I test whether the proposed
policies perform better than either sending everyone to inclusion, sending everyone
to semi-segregation, or implementing the (already implemented) observed policy (the

40Note that the variable “IQ score” is actually the interaction between the actual score and whether
the IQ test has been administered, thus taking 0 when no IQ score exists. I perform a similar analysis
with the subsample of students for whom the IQ is observed.
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“Null-hypothesis” policies). To do this, I use 10-fold cross-validation, i.e. I train the
policy tree on the training subsample and use the tree to predict assignment on the
left-out fold. I then compute the difference between the APO under the optimal policy
and the APO under one of the three alternative policies, and compute a one sample
t−test to assess whether the difference in means is significantly different than zero.
Panel B in Table 2.4 shows that all optimal reallocations outperform sending all stu-
dents to semi-segregation for both outcomes. For academic performance, all policies
outperform the implemented policies, but perform as well or even slightly worse than
sending all students to inclusion. For labor-market integration, sending all students to
inclusive settings marginally outperforms the optimal policies; however, all proposed
policies fail to significantly improve on realized therapy assignments. This indicates
that actual placement by school psychologists already leverages the available informa-
tion in a relevant way, but that this placement could be improved to increase academic
performance.

I implicitly assumed in my optimal allocation exercise that non-SEN students
receive a welfare weight of 0. In reality, the reallocation of students with SEN from
semi-segregation to the main classroom induce spillover effects that could negatively
impact mainstreamed SEN and non-SEN students (as shown by Balestra, Eugster, and
Liebert, forthcoming; Rangvid, 2019). To measure overall welfare functions, I integrate
spillover effects of reassigning students with SEN to the main classroom in my opti-
mal policy rule. I proceed as follows: I merge my dataset with the data containing all
students without SEN from the Canton of St. Gallen. I then estimate the peer effect
of reassigning students with SEN to mainstream classrooms on the academic perfor-
mance of their classmates (for classmates with SEN and for classmates without SEN).
As students with SEN are randomly allocated to classrooms in St. Gallen, I am able
to estimate causal spillover functions with flexible estimation procedures (for more
information on this quasi-experimental setting, see Balestra, Sallin, and Wolter, forth-
coming).41 The classroom spillover function is presented in Figure A.12 of the Ap-
pendix. The function is estimated for students with SEN (in brown) and for students
without SEN (in blue). I find that the shape of the spillover function is monotonically
decreasing, meaning that including an additional peer with SEN has negative effects
on mainstreamed peers with SEN and on mainstreamed peers without SEN. The neg-
ative effect worsens with more students with SEN in the classroom.

41I estimate spillovers with machine learning algorithms and an ensemble learner. I use clustered
cross-validation to estimate functions at the classroom level.
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Based on my flexible estimation of the spillover function, and with a simplistic
back-of-the-envelope utility computation, I compute the average reallocation effects
induced by the optimal policy for the whole student population. I base my computa-
tions on the following statistics: students with SEN make up 25% of the mainstreamed
students population, mainstream classrooms have on average 19.17 students, and the
data contains 2723 classrooms. As presented in Panel A of Table 2.4, optimal poli-
cies reallocate 807 students from semi-segregation to inclusion for a policy gain of
0.17. The reallocation of 807 students from semi-segregation to inclusion means that
there are 0.3 additional students with SEN per classroom, thus increasing the average
proportion of students with SEN per classroom from 0.25 to 0.266 (a 0.016 increase).
The effect of reallocation for the reallocated students is therefore an average gain of
0.016 ∗ .17 = 0.003 in policy value per student in the whole population. For the pop-
ulation of mainstreamed students, the spillover functions in Figure A.12 (and tables
available on request) show that the increase in the proportion of peers with SEN in
the main classroom from 0.25 to 0.266 generates a loss of expected test score standard
deviation of -0.04 for mainstreamed students with SEN, and a loss of -0.03 test score
standard deviations for mainstreamed students without SEN. This means that the pol-
icy loss is on average around 0.25 ∗ (−0.04) + 0.75 ∗ (−0.03) = −0.032 per student.
Combining both effects (and ignoring the very small shift in group proportions after
reallocation), the average loss in policy value after reallocation is around −0.03 stan-
dard deviations of test scores per student.

All in all, this optimal policy exercise exercise delivers valuable insights into im-
proved allocation of SEN students to semi-segregation and inclusion. It strengthens
the idea that inclusion works well, as none of my suggested reallocation policies per-
form better than allocating all students to inclusion. There also seems to be a trade-off
between short-term, academic benefits, and longer-term benefits: from the perspective
of labor-market integration, it seems that a higher share of semi-segregated students
is beneficial, whereas it is not from an academic performance perspective. Finally, it
highlights the idea that less segregation is desirable and could be reached without im-
posing too much harm on students in mainstream classrooms: the individual gains
for the newly reallocated students are large and by far offset the individual loss for
mainstreamed students, even though the social reallocation effect is negative by −0.03
standard deviations of test scores per student. In light of the results from the het-
erogeneity analysis and from the reallocation exercise, it might seem wise for policy
makers to segregate disruptive students, as these students generate the largest neg-
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ative spillover effects on their peers, and they are the ones benefiting the most from
segregated environments.

2.6 Conclusion

The present study sheds light on short-term and long-term returns to SpEd pro-
grams for students with special needs. Using recent methodological developments
in computational text analysis and in causal machine learning, this study leverages
psychologists’ written reports to address the problem of confounding in the absence
of experimental design. My study complements the literature by showing that SpEd
should not be considered as a single intervention. Each program differs in its expected
returns, and inclusive programs are quite effective at generating academic success and
labor market integration. More specifically, I find that returns to SpEd programs in
inclusive settings (counseling and individual therapies) are positive for academic per-
formance, and that tutoring has no measurable effect. When compared to receiving no
SpEd, all inclusive treatments have zero to positive returns.

Moreover, this study contributes to our understanding of inclusive and segre-
gated measures for students with SEN. In general, inclusion pays off in terms of aca-
demic performance, labor market participation and earnings in comparison to semi-
segregation. The results of this study show that inclusion works better for (almost) all
students with SEN. However, semi-segregation is the least detrimental for students
with SEN who exhibit disruptive tendencies, or for nonnative students with SEN.
Semi-segregation works best in schools with an lower average SES status and more
nonnative speakers. Results presented in this study, however, do not extend to the
analysis of full segregation, as students placed in fully segregated settings have almost
no overlapping characteristics with students in semi-segregated and inclusive settings.
Moreover, higher attrition and selection into test participation for students placed in
fully segregated school environments make the assessment of academic returns diffi-
cult.

The optimal policy allocations analyses offer further insights into inclusive and
segregated SpEd programs for policy makers. With the help of policy trees, I propose
placement recommendations to improve aggregate school performance and better la-
bor market integration. These policies are outcome-improving for students with SEN,
and cost-reducing. By implementing such optimal policies, a policy maker could sig-
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nificantly increase average school performance and labor market integration for stu-
dents in semi-segregation by reallocating them to mainstream classrooms. However,
this reallocation would incur costs on their peers in mainstream classrooms. In light of
the results from the heterogeneity analysis and from the reallocation exercise, it might
seem wise for policy makers to segregate disruptive students, as these students gener-
ate the largest negative spillover effects on their peers, and they are the ones benefit-
ing the most from segregated environments. However, it is ultimately up to the policy
maker and to society at large to decide whether a small decrease in school performance
is a cost that should be endured by mainstream students in order to significantly in-
crease the performance of reallocated students.

This paper invites further research on two fronts. On the one hand, the role of
teachers and SpEd teachers in decisions to implement inclusion or segregation must
be further investigated. Teachers’ input and teachers’ productivity in inclusive and
segregated settings are important factors of the success of inclusive policies. However,
little is known about their value-added for students with SEN. On the other hand,
inclusion has benefits that extend beyond measurable academic performance and labor
market integration. For instance, inclusion is likely to affect non-cognitive skills such as
altruism, self-esteem, and self-image. These aspects need to be investigated to deliver
a more complete picture of inclusion. Finally, this paper is an invitation for further
methodological research in optimal policy allocation and in the use of text as covariate.
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3.1 Introduction

In a context where the inclusion of special-needs students in the main classroom
(“mainstreaming”) is becoming the norm and where special education programs are
increasingly being abandoned, evidence on the effects of inclusion on students’ well-
being, achievement, and post-education opportunities is more needed than ever. One
particular population, traditionally segregated into special education classes, needs to
be thoroughly investigated in a mainstreaming context: gifted students – i.e., students
with an intellectual ability significantly higher than average.42 It is a priori unclear
whether and where such students exert a positive influence on their classmates, where
– feeling bored and not fitting in – they are perceived as disruptive elements, and where
they have no discernible effect on their peers. The aim of the present paper is to re-
solve this question by examining if and how gifted students affect their non-gifted
classmates’ achievement in secondary school and enrollment in post-compulsory edu-
cation. Given the heterogeneous nature of peer effects in the classroom43, our research
emphasizes how the influence of gifted students differs for their male and female, high-
achieving and low-achieving peers in math and non-math school subjects.

We analyze the impact of gifted students on their classroom peers in the con-
text of the Swiss education system, an inclusive academic setting which offers ideal
conditions for the identification of spillover effects. One such feature is that no gifted
students are segregated into gifted programs and that they are all included in regu-
lar schools, even though they may receive additional services or activities outside of
the classroom. A second feature is that the status of gifted students is assessed and
determined by the school psychological service, an independent and centralized in-
stitution that provides students and their families with diagnosis and counseling for
school-related issues. This practice ensures that professional psychologists (and not
parents, teachers, or school administrators) diagnose students as gifted. This in turn
allows us to differentiate gifted students from simply high-achieving students and to
break the myth that giftedness is the same as high achievement. In fact, nearly 50%

42We understand gifted children or students as “Children, students or youth who give evidence of
high performance capability in areas such as intellectual, creative, artistic, or leadership capacity, or in
specific academic fields, and who require services or activities not ordinarily provided by the school in
order to fully develop such capabilities." (US Federal government statutory definition of gifted students,
P.L. 103-382, Title XIV, p. 388).

43As pointed out by Booij, Leuven, and Oosterbeek (2017); Hoxby (2000); Lavy, Silva, and Weinhardt
(2012); Lavy, Paserman, and Schlosser (2012); Burke and Sass (2013); Black, Devereaux, and Salvanes
(2013).
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of gifted students in our sample are not in the top five students of their class. We
use student-level administrative data on achievement combined with detailed psycho-
logical examination records, uniquely linking students’ school performance in a com-
pulsory standardized test and administrative records from the school psychological
service for ten consecutive cohorts of eight graders. To investigate career trajectories,
we merge our data with administrative records containing detailed information on
students’ post-compulsory education choices.

For identification, we rely on the variation in classroom composition arising from
within-school assignment of gifted students to classes when students transition from
primary school (grades one through six) to secondary school (grades seven through
nine). When transitioning from primary school to secondary school, students are as-
signed to new classes in their new school and remain in the same class for the rest
of their mandatory education. For equity reasons and to avoid stigma, information
on students’ psychological profiles is usually not shared between primary and sec-
ondary schools. This practice implies that gifted students can be neither identified
nor assigned to specific classrooms or teachers as students enter secondary school.
We demonstrate, using several tests, that the observed within-school, between-class
variation in the proportion of gifted classmates is consistent with variation generated
from a random process. We also find no systematic assignment of gifted students to
a specific class or teacher. Causal conclusions are further motivated by the fact that
parents do not have a free choice of school in Switzerland: nearly all pupils attend
public schools, and the geographical distribution of the population in the individual
communities shows no regularities that would correlate with the distribution of tal-
ented pupils. Finally, the low prevalence of intellectual giftedness (approximately 2%
of the population) is useful for the estimation of peer effects, allowing us to conduct the
analysis exclusively on non-gifted students without losing a significant portion of the
sample. By excluding gifted students from the analysis, we explicitly distinguish be-
tween the subjects of a peer effects investigation (regular students) and the peers who
potentially provide the mechanism for causal effects on these subjects (gifted students).

The results are the following: we document a positive effect of exposure to stu-
dents identified as gifted in all school subjects. Our results indicate that exposure to
gifted students on average raises achievement of the other students by 8.7% of a stan-
dard deviation in math and 7.8% in language. Exposure to gifted students is daily
classroom exposure over two school years (grade 7 and grade 8). When looking at
who benefits the most from the presence of gifted students in the classroom, we ob-
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serve the strongest effect for male students and for high achievers. In addition, we
uncover a clear effect heterogeneity across gender and school subject. In math, male
students profit significantly more than female students from gifted classmates, ampli-
fying the gender gap in math achievement by 16%. In contrast, we find no significant
gender difference in the spillover effect for language. This gender-subject heterogene-
ity is quite striking because classrooms (and thus peer composition) remain the same
for all subjects. Moreover, we detect no other significant effect heterogeneity for char-
acteristics like student’s age, their native speaker status, class size, or teacher’s gender.

Which gifted students generate the positive externalities? We provide compelling
evidence that both the gender and the behavior of the gifted students matter, and that
they matter even more to female students. We show that male students benefit from the
presence of gifted peers in all subjects regardless of the gender of the gifted, whereas
female students benefit almost exclusively from gifted female students. This pattern
is more apparent in math and suggests that exposure to high-ability female peers may
provide female students with a role model in quantitative fields, alleviating the nega-
tive effects of gender stereotypes. Not every gifted student is, however, a good peer. By
distinguishing between gifted students who suffer from behavioral, emotional, or so-
cial problems from the other gifted students, we are able to isolate gifted students who
do not exhibit disruptive behavior in the classroom. We find that female students are
negatively affected by the presence of classmates who are gifted but disruptive. The
evidence suggests that well-behaved gifted students improve their classmates’ perfor-
mance through both ability spillovers and reduced classroom disruption.

In terms of human capital investment, we further analyze students’ career trajec-
tories after compulsory education. In Switzerland, students after compulsory educa-
tion must choose between vocational training or pre-university education (commonly
known as “academic track”) that provides them with the required skills to study at the
tertiary level. By looking at whether students choose an academic track or a vocational
track, we find that being exposed to gifted classmates in secondary school significantly
increases the likelihood of choosing the academic track. This effect is entirely driven
by male students who enter the academic track instead of the vocational track, which
reflects the main findings and may offer an additional explanation to the persistent
under-representation of women in math-intensive careers (e.g., in STEM fields). We
investigate this hypothesis by classifying each vocational occupation according to its
STEM content. We find that exposure to gifted students increases the likelihood of
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choosing an occupation in STEM fields among students entering the vocational track,
an effect observed only among men.

The present paper contributes to and brings together three strands of literature
in economics. First, we contribute to the under-investigated field of research on gifted
students. Rather than looking at how gifted students perform when they are segre-
gated into talented programs (e.g., Bui, Craig, and Imberman, 2014; Booij, Haan, and
Plug, 2016), we bring evidence on the situation of gifted students in an inclusive ed-
ucation system, and we propose a new approach to identify high-ability students in
general. The literature so far has used previous achievement (e.g., Booij, Leuven, and
Oosterbeek, 2017), individual fixed effects (e.g., Burke and Sass, 2013), socioeconomic
background (e.g., Black, Devereaux, and Salvanes, 2013), and parents’ education (e.g.,
Cools, Fernández, and Patacchini, 2019) to determine student ability. Instead, we use
formal assessments by external specialists (school psychologists) to identify gifted stu-
dents. These external assessments are reliable assessment of students’ cognitive abili-
ties, extend beyond pure school performance and are less prone to biases arising from
parents, teachers, or developmental factors. Given that being diagnosed as a “gifted"
student does not automatically determine eligibility to targeted academic programs in
Switzerland, our hybrid measure based on specialists’ assessment and IQ tests is less
likely to be manipulated.

Second, we contribute to the extensive literature on peer effects in education.
This literature has provided quantified evidence that educational success cannot be
explained only by students’ own characteristics, parental background, and school en-
vironment, but that peers and the interactions between peers matter. One novel fea-
ture of our study is that, among the many peer dynamics occurring in the classroom
documented so far, the heterogeneous influence of the population of gifted students
has never been investigated. In addition, we are able to observe the classroom envi-
ronment, where teaching occurs and students presumably affect directly their peers’
learning. Although many scholars agree that classroom interactions play an important
role in determining students’ academic achievement and in shaping students’ educa-
tional choices, most studies define peers at the school or cohort level. This definition
of peer group may miss important interactions within classroom groups, because the
estimation of spillover effects differs depending on the accuracy with which one identi-
fies the set of relevant peers (Carrell, Sacerdote, and West, 2013; Carrell, Fullerton, and
West, 2009). Finally, by presenting evidence on both school performance and career
trajectory, we complement an emerging literature examining how peer characteristics
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during adolescence influence later career choices (Mouganie and Wang, 2020; Card and
Payne, 2017; Zölitz and Feld, 2021; Anelli and Peri, 2017; Carrell, Hoekstra, and Kuka,
2018; Black, Devereaux, and Salvanes, 2013).

Third, we contribute to a growing strand of literature that aims to understand
the roots of the persistent gender gap in math (for a recent review, see Buckles, 2019).
Although the gender gap in education enrollment and labor market participation has
dramatically narrowed over the past 50 years, the gender gap in math achievement still
persists in most developed countries (Ellison and Swanson, 2010).44 The reasons for
this persistence are still not totally understood: recent research shows that the gender
gap in math achievement does not exist upon entry to school, supporting the idea that
nurture (e.g., gender stereotypes, culture) rather than nature (e.g., innate biological
differences between sexes) determines gender differences in achievement (Pope and
Sydnor, 2010; Hyde and Mertz, 2009; Nosek et al., 2009). However, the gap appears to
be large and significant in the middle school years and beyond (Fryer and Levitt, 2010),
and is in turn mirrored in the education and career choices of young women (Card and
Payne, 2017; Carrell, Page, and West, 2010; Brenøe and Zölitz, 2020). It is therefore
crucial to understand what are the factors in the school environment that originate
and widen the gender gap in math achievement, especially for students at the age of
choosing their first important career direction. This study offers both new evidence on
the formation of the gender gap in math and the likely mechanisms behind such gap.

3.2 Background and Data

3.2.1 Institutional Background

The education system in Switzerland has a federal structure and gives the can-
tons – similar to the states in the U.S., the countries in Germany, or the provinces in
Canada – great freedom in educational policy decision-making. In contrast to the other
three federal states, however, the degree of coordination between the cantons is rela-
tively high and, depending on the language region (German, French, or Italian), the
cantons now apply the same common curriculum in all subjects. In the Intercantonal
Agreement on the Harmonization of Compulsory Education, which the majority of

44Data from the 2015 PISA study reveal that Switzerland has one of the highest gender gaps in
math performance (2.3%), alongside with other countries exhibiting above-average gender gaps like the
United States (1.9%), the United Kingdom (2.2%), and Germany (3.1%).
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the cantons – including the one we consider in the present paper – have joined, equal
school structures were established. These include a two-year entry level (kindergarten)
and nine years of compulsory schooling, of which the first six years are allocated to the
primary level and the last three to the lower secondary level. Pupils change schools
and classes when moving from primary to lower secondary education.

Within each canton, schools are organized at the municipality level, and children
are assigned to schools on the pure basis of their location of residence. This strict as-
signment procedure is thoroughly implemented, such that parents have no say about
their child’s school other than moving permanently to a different municipality or en-
rolling their children in a private school. Despite this rule, private schooling remains
very rare in Switzerland. As the 2018 Education Report by the Swiss Coordination
Center for Research in Education shows, more than 95% of children in 2016 attend
public-funded schools in their municipality of residence.

The present analysis focuses on all students enrolled in the secondary schools of
the Canton of St. Gallen (around 500,000 inhabitants). In this state, children are re-
quired to undergo eleven years of compulsory education, divided into kindergarten
(two years), primary school (six years), and secondary school (three years). In most
cases, secondary schooling takes place in larger schools administered by associations
of municipalities (districts). Tracking occurs at the secondary school level and is based
on students’ academic performance in primary school as well as their teacher’s recom-
mendation. Students are either sent to a high-track secondary school (Sekundarschule)
or to a lower, more practice-oriented secondary school track (Realschule). Once allo-
cated to one of the two secondary school tracks, students are assigned to classes within
each school-track. The administrative staff of each school has no prior knowledge
about the students other than administrative data on gender, place of residence, pri-
mary school attended, and nationality. For equity reasons, information on students’
disabilities, special needs, or high ability status is usually not shared between primary
schools and secondary schools. This practice potentially creates a situation where class
composition is quasi-random with respect to students’ psychological profiles, a sit-
uation that we evaluate in the empirical strategy section. Once assigned to a class,
students share the same peers for all the lectures and subjects, and classes remain un-
changed for the three years of secondary school.45

45Grade repetition is not common in St. Gallen, as only about 1.5% of students in a cohort ever re-
peated a grade. Within-state and out-of-state mobility in St. Gallen are also low at about 2-3% (data are
from the Swiss Federal Statistical Office for the years 2008-2017).



58 Chapter 3 | The Heterogeneous Effects of Gifted Classmates

At the end of their eighth year of compulsory schooling (second year of sec-
ondary school), all students are subjected to a mandatory standardized test (the so-
called “Stellwerk 8" test). This computer-based adaptive test automatically adapts the
difficulty of questions to the ability and knowledge revealed by the student in the pre-
vious questions (in the same fashion as the GMAT or GRE test). It tests core knowledge
of mathematics, language (German), and, depending on the track, foreign languages
(usually English) as well as natural sciences (including biology, chemistry, or physics).
The correction of the test is computer-based, which eliminates concerns of teachers’
bias or stereotyping in the results. The results are important both for students, who
will use the test scores when choosing their post-compulsory education, and teachers,
whose relative performance can be reflected by the rate of success of their students. Al-
though Stellwerk 8 is not needed to obtain the compulsory school diploma, students re-
ceive a certificate with their results and usually submit it to potential employers when
applying for VET positions.46

The Canton of St. Gallen bears the responsibility for the inclusion and education
of children with high abilities and must guarantee the fulfillment of their educational
needs. In this regard, emphasis is put on inclusion of students identified as gifted
in regular classrooms (mainstreaming). Requests to send gifted children to special
schools are accepted only under strict conditions: the child must have already skipped
a grade, justify why the classroom environment is not adequate, and undergo a psy-
chological evaluation. In all other cases (the vast majority), special activities, addi-
tional support, and enrichment programs are offered outside of class, depending on
the school and upon request by parents and teachers. Acceleration (skipping a grade)
or school start at a younger age are also possible in some rare cases.

The task of identifying and providing psychological support to children with
high abilities is carried by the School Psychological Service (SPS), a centralized and
independent office. It provides diagnoses of learning disabilities, behavioral difficul-
ties and developmental deficiencies, assigns therapies and treatments to children, and
offers counseling to children, parents, and teachers. For most students (about nine out
of ten), services of the SPS are requested directly by the teacher, but some requests are
also filed by the parents or the child’s doctor. The referring party needs to justify its

46The Stellwerk test is used in many German-speaking cantons and Stellwerk scores are also used to
describe occupation profiles in the Swiss German labor market. For example, one of the most common
occupations in Switzerland – commercial employee – requires a Math score between 425 and 525, a
German score between 550 and 650, and an English score of between 550 and 650.
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request by pointing out the reason for the child’s registration with the SPS. The reasons
most commonly brought up are learning disabilities, social or emotional problems, dif-
ficulties with the family and the parents, or challenging relationships with the teacher.
After a request has been made, children and their parents are directly contacted by a
caseworker from the SPS for an assessment of the situation and a health diagnosis. As
part of the diagnosis, an intelligence test is often administered to children.

3.2.2 Data Sources

We use information on classroom composition, characteristics of students, and
individual academic achievement from the Stellwerk test taken in eighth grade by the
entire population of students in the Canton of St. Gallen.47 To this, we add information
from the administrative records of the SPS on individual psychological profile, gifted-
ness status, and learning disabilities of each child. After merging these two sources, we
observe the academic achievement, psychological profile, and peer group composition
for each student enrolled in grade eight in the Canton of St. Gallen for ten consecutive
school cohorts (2008 to 2017).

More precisely, the test score data allow us to observe the following for each co-
hort: composition of secondary school classes (with the school, the track, and the class-
room as well as the teacher ID), basic characteristics of each student (birth date, gender,
and whether the student is a native German speaker) and student academic achieve-
ment on the Stellwerk test (scores for all examined materials). In this analysis, we
focus primarily on the scores in math, language (German), and a composite of the two,
which are compulsory subjects for all students in all tracks, and standardize them with
mean zero and standard deviation one. As we mentioned in the previous section, the
classroom composition we observe in the Stellwerk data is the classroom composition
that remains fixed over the whole three years of secondary school in all subjects.

Information on the gifted status of students is given by the administrative records
of the SPS. In these records, we find information on each child who has had contact
with the SPS at any point in his or her school years. They contain the reason of reg-
istration, the therapies assigned to the child, the number of visits to the SPS, the date
of each visit, and all the notes left by the caseworker about the child. These notes
give a very detailed source of information about the child’s situation, the topics dis-

47This section follows Balestra, Eugster, and Liebert (forthcoming) closely, who use an extended ver-
sion of the same data set.
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cussed during each interview, and an overall idea about the diagnosis. Important for
our study, we observe the IQ score for many of the children registered at the SPS. Most
of the requests to the SPS are made when the child is between six and nine years old,
and first contacts with the SPS in primary school often coincide with the time when
children start receiving school grades (second semester of second grade).

Four restrictions are imposed on the data, reported in detail in Appendix Table
A.1. First, we restrict our data set to students enrolled in the higher track (Sekun-
darschule, 62% of the original sample) and discard those in the lower track (Realschule).
The reason for this is that the vast majority of gifted children (93%) pursue their edu-
cation in the Sekundarschule. One advantage of focusing on the higher track only is
that the sample is very homogeneous with respect to ability. Second, we focus only
on students who were actually required to take the Stellwerk test. This leaves out
students from special education institutions, for which we do not observe complete
classes. Third, we exclude segregated classes that are composed only of students with
special needs. Finally, we remove classes and students with missing or implausible
values (e.g., test scores exceeding the possible range, classes which are too small or
large, or negative age at test). We are left with a final sample of 31,625 students in 1,592
classes from 80 schools.

3.2.3 Definition of the Key Variables

While remaining aware that intellectual giftedness is a multi-faceted concept
whose definition has never been generally agreed upon (Sternberg, Jarvin, and
Grigorenko, 2010), we understand intellectual giftedness as an intellectual ability
significantly higher than average. Intellectual giftedness is believed to persist as a trait
into adult life, with various consequences studied in longitudinal studies of giftedness
over the last century (Gottfried et al., 1994). Albeit no generally agreed definition
of giftedness for either children or adults has been reached, most school placement
decisions and longitudinal studies over the course of individual lives have followed
people with IQs in the top two percent of the population (Newman, 2008) – that is,
IQ scores above 130 (two standard deviations above the mean). However, there is
substantial variation in the threshold used across theories of intelligence, intelligence
scales, and individual psychologists.48

48For instance, Silverman (2018) uses the threshold of 120 to identify “mildly gifted," 130 for “mod-
erately gifted," 145 for “highly gifted," 160 for “exceptionally gifted" and 175 for “profoundly gifted."



3.2 Background and Data 61

IQ scores are known to mildly predict academic achievement (Neisser et al., 1996;
Deary et al., 2007), since school success is also strongly determined by dedication, mo-
tivation, and parental background and investment. Criticism within the psycholog-
ical community has raised doubts on the validity of the IQ score (see discussion in
Sternberg, Jarvin, and Grigorenko, 2010): the IQ score, which maps intelligence uni-
dimensionally, might miss other cognitive dimensions relevant to intelligence, such
as emotional intelligence (Mayer et al., 2001; Zeidner et al., 2005), creativity (although
much debated, see Make and Plucker, 2018), or domain-specific abilities. Nonetheless,
the advantages of measuring cognitive ability with a uniform, normalized IQ scale and
of tying the definition of “giftedness" to a particular threshold score on the IQ scale are
manifold, such as psychometric advantages (easy quantification of intelligence, relia-
bility, internal and test-retest consistency), transparency (the concept of IQ is widely
known), predictive accuracy for intelligence in general (e.g., Der, Batty, and Deary,
2009), and external validity (measures of IQ exist for all ages, and have been normed
across cultures and countries, e.g., Lynn and Meisenberg, 2010; Lynn and Vanhanen,
2012). As a consequence, in the US for instance, individual IQ testing is becoming
less commonly used for identification of the gifted and a more holistic identification
procedure is preferred.49

Our data allow us to mitigate the potential limits of IQ as a unique and reliable
measure of giftedness: since the SPS records not only report the children’s IQ scores,
but also qualitative assessments of cognitive ability (as obtained from the diagnoses
and comments of the caseworker), we are able to enhance the IQ scores with quali-
tative assessments. Qualitative assessments reliably complement quantitative scores,
take into account other dimensions of intelligence not assessed by the IQ test, and
allow for discarding false positives (Silverman, 2018).50 They also allow us to differen-
tiate between high achievers and gifted students, as the two do not necessarily overlap.
In comparison to the previous literature, we can integrate a richer notion of high intel-
ligence in our analysis.

We then proceed in the following three steps to construct our indicator of gifted-
ness. First, we select one IQ score per child. For many children, we observe different

Moreover, the scale must be adapted for students with a native language different than the one of their
main environment. Some researchers also use an IQ threshold of 116 for non-native speakers (Card and
Giuliano, 2016).

49See the report from the National Association for Gifted Children, 2015, www.nagc.org, and Peters
and Matthews (2016).

50We are aware of the existence of bias in qualitative assessments, such as documented in McDermott,

www.nagc.org
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scores, either taken at different points in time, and/or estimated with different intelli-
gence tests. For each child with more than one score, we take the highest score reached
by the child.51 With respect to the chosen intelligence test, we know from the SPS that
each child is given the test that suits his or her situation the best.52 We classify the child
as gifted if his or her IQ score is equal to or above 130. We conduct our main analysis
with a threshold of 130, and we show that our results are robust when applying more
or less restrictive definitions of giftedness. In a second step, we code the written diag-
nosis of the caseworker – a trained psychologist – and assign the gifted status to the
children who are diagnosed as such by the caseworker. In a final step, we remove false
positives, i.e., children with a high IQ score but whose assessment does not diagnose
high ability. For example, we discard cases in which the child reaches a high IQ score,
but the caseworker writes that the child had learned how to perform well on the test
from his or her siblings. It is important to mention that we focus exclusively on gifted
students who are identified prior to secondary school entry. By doing so, we make sure
that gifted status does not depend on class composition in secondary school.

In sum, 20.5% of all our observations have been referred to the SPS and 12.8%
of all students have been assessed for IQ with a formal IQ test. Of the 578 students
classified as gifted, 145 students were identified as gifted with both measures, IQ test
and diagnosis, whereas 329 students were identified only with the diagnosis and 104
exclusively with the IQ test. Finally, there are 82 students who were referred to the
SPS for an assessment of giftedness but were not diagnosed as gifted. Our measure of
giftedness has never been used in the literature on ability peer effects and we argue
that using a metric based on experts’ diagnoses is less prone to misreporting (e.g., self-
assessment), context-specific factors (e.g., school or class composition), and external
influences (e.g., parents or teachers).

3.2.4 Summary Statistics

Table 3.1 reports the summary statistics for our final sample. The typical eighth
grade class consists of 20 students and there are 0.36 gifted classmates per class. De-

Watkins, and Rhoad (2014). Unfortunately, we do not observe the caseworker ID so we cannot take bias
into account in our analysis.

51After discussion with the head of the SPS, we decided to take the highest score since many children
need more than one attempt to be fully concentrated during the test. Using either the first IQ adminis-
tered or the average of all IQ tests performed has no substantial impact on the results.

52The available intelligence tests are Snijders-Oomen nonverbal intelligence tests (SON), Kaufman
Assessment Battery for Children I and II (K-ABC and K-ABCII), the Wechsler Intelligence Scale for Chil-
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Figure 3.1: Distribution of test scores

spite this low prevalence, 27% of all students are exposed to at least one gifted class-
mate in eighth grade. Every second student is a female student, one in ten students is
non-native German speaker, and the average age at which students take the Stellwerk
test is approximately 15.

The subsample of 578 gifted students is of particular interest, as shown in Ta-
ble 3.1, Panel D. Around 1.9% of the sample is identified as gifted, which is slightly
below the expected percentage of individuals with IQ ≥ 130 under the normal curve
(≈ 2.1%). This discrepancy is likely explained by the fact that some gifted individu-
als undergo primary school undetected, thus never entering in contact with the SPS
before reaching secondary school (for identification purposes, we only focus on gifted
students identified during primary school). Consequently, as we only observe identi-
fied gifted students, our measurements of being exposed to gifted students on other
students will underestimate the true effect (attenuation bias). In this sense, our find-
ings can be interpreted only as the effect of being exposed to students identified as
gifted.

dren (WISC-Hawik), Raven’s Progressive Matrices (Raven), Kramer-Test, and Culture Fair Intelligence
Test (CFT).
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(1) (2)
Sample mean Standard deviation

A. Outcome:

Test score: Mathematics 0.000 1.000
Test score: Language (German) 0.000 1.000
Test score: Composite 0.000 1.000

B. Exposure to gifted children:

Gifted student 0.018 0.134
Gifted classmates (proportion) 0.018 0.035
Gifted classmates (number) 0.351 0.673
Exposure to gifted classmate 0.264 0.441

C. Classroom characteristics:

Female 0.524 0.499
Native German speaker 0.912 0.284
Age at test 14.81 0.699
Class size 20.52 3.378
Male teacher 0.649 0.477

D. Characteristics of students identified as gifted (N = 578)

Female 0.296 0.457
With emotional or social problems 0.123 0.329
Referred to SPS by teachers 0.856 0.351
Referred to SPS by parents 0.126 0.332
Rank in the class (composite test) 6.242 5.238

Notes: Descriptive statistics for the main estimation sample, based on 31,765 students in 1,597 classes
from 80 schools. In regressions analyses we exclude gifted students from the estimation sample, which
reduces the number of students to 31,187. Data are from the School Psychological Service St. Gallen
and the Stellwerk test service provider.

Table 3.1: Descriptive statistics
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Approximately 30% of the identified gifted students in our sample are female,
which is similar in proportion to other European countries.53 The under-representation
of gifted female students, documented in many different contexts (Petersen, 2013),
might be explained by teachers’ gender bias in referrals for giftedness assessment
(which has been documented by Bianco et al., 2011) or by the fact that gifted female
students are less likely to be identified by means of IQ testing and standardized tests
(Petersen, 2013). It can also be the consequence of a higher prevalence of disruptive
behaviors (and thus a higher prevalence of references to the SPS) among male students
in general, which makes female students pass unnoticed by the teachers and not as-
sessed by the psychologist: in our data, while 25% of male students have been referred
to the SPS in general, only 16.5% of female students were referred.

Appendix Figure A.1 shows the distribution of class size and gifted classmates in
absolute and relative terms. The figure indicates that while most classes have no gifted
student, nearly all classes exposed to gifted students contain exactly one gifted student.
Figure 3.1 exhibits the distribution of test scores by student type, showing that gifted
students perform on average better than regular students – almost a standard devia-
tion better. However, not all gifted students are high achievers and, at the same time,
not every high achiever is classified as a gifted student. This finding is confirmed in
Appendix Figure A.2, which shows the distribution of gifted students’ classroom ranks
on the Stellwerk test and reveals every second gifted student performs in the top five
of his or her classroom, while the rest might perform even in the lowest ranks. This
is likely because our definition of gifted transcends the test score dimension, featur-
ing a measure of intellectual ability based on psychological examinations rather than
previous achievement.

3.3 Empirical Strategy

The aim of this paper is to evaluate the impact of exposure to identified gifted
peers on student achievement. Empirically, we estimate the following linear model:

Yicst = α + β Exposurecst + γ Xicst + δ X(−i)cst + εicst (3.1)

53Data are from the EASIE 2014 Dataset Cross-Country Report, retrieved from https://www.
european-agency.org/data.

https://www.european-agency.org/data
https://www.european-agency.org/data
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where Yicst is the outcome of interest, such as the math test score of student i in class-
room c, school s, and year t. Xicst is a vector of individual characteristics that include
age at test, an indicator for gender, and an indicator for native German speaker. X(−i)cst

is a vector of average characteristics of i’s class (class size, proportion of female stu-
dents, proportion of native German speakers, and mean age). The variable of interest
is Exposurecst, a measure of exposure to identified gifted students in a given class. We
parametrize such measure for each student as an indicator being exposed to at least
one gifted classmate in grade eight, but the results are consistent to alternative specifi-
cations (e.g., the proportion of gifted students per class). The peer spillover parameter
is β, which represents the impact of being exposed to a gifted student on i’s outcome.
The error term εicst is assumed to consist of two components: a school-by-year fixed
effect and an idiosyncratic error term (i.e., εicst = µst + eicst). Finally, standard errors
are clustered at the classroom level throughout the paper.

The estimation of the interest parameter β suffers from three main identification
problems. First, Manski (1993)’s well-known reflection problem states that all behav-
iors in a peer group are affected by the behaviors of the other members of the group.
Namely, a student simultaneously influences the outcome of the group and the group
influences the outcome of the student. We tackle this problem in two ways. First,
all variables in Equation (3.1) are determined before secondary school, including the
status of gifted student. This strategy ensures that neither the gifted status nor other in-
dividual characteristics are influenced by contemporary class composition.54 Second,
we exclude gifted students from all regressions in order to separate the subjects of
our investigation (regular students) and the peers who potentially provide the mech-
anism for causal effects on these subjects (gifted students). As discussed by Angrist
(2014), this distinction eliminates mechanical links between own and peer characteris-
tics, making it easier to isolate variation in peer characteristics that is independent of
subjects’ own characteristics.

The second main identification problem stems from common unobserved shocks
at the group level. These shocks at the class and school levels could tamper with the

54Our measure of exposure could be weakened if students were regularly changing classes in sec-
ondary school. However, student mobility between schools is rare. Data from the official education
statistics from the Swiss Federal Statistical Office (Statistik der Lernenden in German) indicate that, in the
state of St. Gallen, approximately 40 students per year change school between grade seven and eight.
This figure corresponds to a prevalence of 0.77%, and prevalence never exceeds 1% in the years consid-
ered (2011-2016). Note that school mobility is primarily due to students moving to another municipal-
ity, which accounts for 70% of total school mobility.
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identification of peer effects of gifted students on their classmates. For instance, the
outbreak of an epidemic or the introduction of new pedagogical methodologies for
a lesson could impact the overall academic performance of a classroom or a school,
which would confound the peer effects estimation if correlated with the proportion of
gifted peers. To resolve this issue, we introduce a series of fixed effects that control for
unobserved heterogeneity at multiple levels (namely the school-by-year level).

The third identification problem is endogenous peer selection and is the most
challenging to tackle. If individuals are systematically assigned to groups according
to a specific characteristic, the researcher cannot determine whether a difference in
outcome is a causal peer effect or simply an artifact of due to group assignment. We
take care of this problem by ensuring that gifted students are quasi-randomly assigned
to classes at the secondary school level (i.e., identification between classes within the
same school-year). As we already mentioned previously, the transfer from primary
to secondary school is regulated in such a way that students are assigned to schools
based on their place of residence. In each school, students from different places of res-
idence (and consequently different primary schools) are mixed. Importantly, students’
psychological profiles are unknown to secondary school administrators such that eq-
uity among students is guaranteed and stigma when transitioning between schools is
avoided. We exploit this policy rule for identification and formally test the validity of
the strategy with three types of balancing tests.

We begin by testing whether individual and group characteristics predict expo-
sure to gifted peers. The aim of this test is to detect potential selection into classrooms.
Table 3.2 shows the results, where each regression includes school-year fixed effects.
Panel A focuses on individual level characteristics (gender, native German speaker,
and age), while panel B focuses on classroom characteristics (proportion of female
classmates, proportion of classmates who native speakers, classmates’ mean age at test,
and class size). None of the coefficients in Table 3.2 are statistically significant and, in
addition, the size of the coefficients is very small. We also test for joint significance of
the individual characteristics (panel A, column 4) and group characteristics (panel B,
column 5). We cannot reject the null hypothesis that the coefficients on gender, native
speaker, and age are jointly zero, with a p-value of 0.550. Neither can we reject the
null hypothesis that the coefficients on the class-level characteristics are jointly zero
(p-value of 0.449).
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(1) (2) (3) (4) (5)
Exposure to Exposure to Exposure to Exposure to Exposure to
gifted peers gifted peers gifted peers gifted peers gifted peers

A. Individual characteristics

Female 0.004 0.004
(0.003) (0.003)

Native speaker 0.002 0.002
(0.009) (0.009)

Age at test -0.001 -0.001
(0.003) (0.003)

Joint significance (p-value) 0.550

B. Classroom characteristics

Female classmates (%) -0.119 -0.101
(0.172) (0.172)

Native speaker classmates (%) 0.115 0.134
(0.150) (0.152)

Classmates mean age at test -0.042 -0.044
(0.037) (0.036)

Class size 0.010 0.010
(0.008) (0.008)

Joint significance (p-value) 0.449

School-by-year FE Yes Yes Yes Yes Yes
Observations 31,187 31,187 31,187 31,187 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in parentheses, are clustered at the
school-year level (level of randomization). Data are from the School Psychological Service St. Gallen and
the Stellwerk test service provider.

Table 3.2: Balancing tests
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Although we find no evidence for selection into classrooms according to observ-
able characteristics, we might suspect selection into classrooms based on unobserv-
ables. We thus perform a direct test of our identification strategy that assignment of
gifted students within school-years is as good as random. To do so, we follow closely
the approach of Chetty et al. (2011) and regress the gifted indicator on both school-
year fixed effects and class fixed effects. Then we test whether the class fixed effects
are jointly significant. The coefficients on the class indicators estimate the difference
in probability of being assigned to a given class relative to the reference classroom
within the same school-year cell.55 If these coefficients are not statistically different
from zero, we conclude that the probability that a gifted student is assigned to a spe-
cific class within a given school-year is the same for all the classes of that school-year.
The p-value of the F-test is 0.630, supporting the key identifying assumption that the
observed variation in exposure to gifted students between classes of the same school-
year is random.

We repeat the test presented in the last paragraph for teacher assignment. Be-
cause no teacher holds two classes in the same year, we separate the school and the
year fixed effect, but the procedure remains the same. We regress the gifted indicator
on school fixed effects, year fixed effects, and teacher fixed effects and test whether the
teacher fixed effects are jointly significant. The resulting p-value is 0.285, suggesting
that gifted students are not systematically assigned to certain teachers.

In sum, all the tests performed support the validity of our identification strat-
egy. Further evidence on this is presented by Vardardottir (2015). Using PISA data
from secondary schools in Switzerland, she shows that track-by-school fixed effects
render peer group composition conditionally uncorrelated with a large set of students’
characteristics, while track fixed effects and school fixed effects separately do not. The
approach we follow in the present paper is even more conservative, as we exploit vari-
ation within school-(track)-year. Note also that while families can potentially choose
their district of residence thereby influencing schooling options for their children, pos-
sible selection into schools does not confound the results. In any case, mobility in
Switzerland is generally low: approximately 80% of people do not move within five
years and moving for school choice alone is likely to be a rare occurrence. In addition,
municipalities within the canton of St. Gallen are very homogeneous in terms of demo-
graphics, indicating that such strategic behavior is most likely limited. The between-

55Note that one classroom fixed effect within each school-year cell is always omitted to prevent mul-
ticollinearity between classroom and school-year fixed effects (see Chetty et al., 2011, pages 1609-1610).
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municipality variation in the unemployment rate (coefficient of variation: 0.42), the
share of rich (0.19) and poor taxpayers (0.69), and the share with secondary (0.19),
higher secondary (0.07), and tertiary education (0.22) is small.56 Finally, we find low
geographical variation when examining the prevalence of gifted students across mu-
nicipalities, as Appendix Figure A.3 shows.

Having established that variation across municipalities is low, one might be con-
cerned that estimated effects would be biased if students exposed to gifted classmates
in grade eight were more likely to have superior educational inputs in years prior
to treatment. The best strategy to address this concern would be to control for prior
achievement. This is, however, not feasible in our context, for two reasons. First, no
standardized test prior to Stellwerk 8 exists; second, we have no information on pri-
mary school GPA in the data. Even if we had primary school grades or GPA, such
measures would not be comparable across classes, because in Switzerland the respon-
sibility for grading and assessing performance is left to the teacher. To resolve the
issue of systematic differences in prior educational inputs by exposure to gifted stu-
dents, we examine the correlation between exposure to gifted classmates and educa-
tional inputs at the municipality level. We use two measures of educational inputs
previously used in the literature, namely per-student spending (e.g., Jackson, Johnson,
and Persico, 2016) and socio-economic composition (e.g., Angrist and Lang, 2004). The
data on spending per primary school students comes from the official accounts pub-
lished by municipalities at the end of the fiscal year, whereas the information on the
socio-economic composition of each municipality is provided by Competence Center
for Statistics within the Department of Economic Affairs of the Canton of St. Gallen.57

Appendix Figure A.4 presents the result for per-pupil spending, while Appendix Fig-
ure A.5 presents the results for socio-economic composition. Both figures clearly show
a flat relation between either measure and exposure to gifted students and none of the
two slopes is statistically significant. This evidence suggests – albeit indirectly – that
students exposed to gifted classmates in grade eight did not have access to superior
educational inputs.

One last concern related to our empirical strategy is selective attrition. If students
exposed to gifted peers are more likely to be observed in the data, this might induce

56Data are provided by Eugster and Parchet (2019).
57According to the data, municipalities spend on average 10,160 Swiss Francs (approximately 11,140

USD) per primary school student. This figure is higher than the OECD average (8,733 USD) but com-
parable to the corresponding figure in the U.S. (11,319 USD), as the OECD documents (OECD, 2017).
The information on municipalities’ socio-economic composition consists of a “social index” calculated
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bias in our estimated effects. To resolve this potential issue, we conduct an attrition
analysis by regressing exposure to gifted classmates on the following five outcomes:
missing test score in Math, missing test score in German, missing test score in both
Math and German, missing information on post-compulsory education, missing in-
formation on occupation profile. Appendix Table A.2 presents the results and shows
that exposure to gifted students does not significantly predict any of the outcomes an-
alyzed. The table also reveals that attrition rates are generally low and even very low
for test scores (around 0.4%). These results show that some attrition is present but that
it is not related to the treatment, which alleviates any worry regarding selective attri-
tion. Note that attrition in the post-compulsory data originates primarily from the fact
that the last two cohorts in the data are simply too young to appear in such data.

3.4 Results

In this section, we present and discuss the results in three parts. First, we in-
troduce the main results on the effect of exposure to gifted students on test scores
and perform a comprehensive sensitivity analysis. Second, we proceed to investigate
potential heterogeneous effects and mechanisms driving the main results. Third, we
examine longer-term outcomes by estimating the effect of exposure to gifted peers on
post-compulsory education trajectories.

3.4.1 Main Results

The main results are presented in Table 3.3. Specifications 1 to 3 show the effect of
exposure to peers identified as gifted on the composite test score (math and language)
for all students with different sets of added regression controls, whereas specifications
4 and 5 consider math and language test scores separately. As regression controls,
we include student-level controls (column 2) and classroom-level controls (column 3).
Crucial for our identification strategy, school-year fixed effects are added to all specifi-
cations. Standard errors are clustered at the classroom level.

The estimated coefficients of exposure to identified gifted peers consistently re-
veal a positive effect on students’ own academic performance. The most conservative
specification indicates that exposure to gifted students raises the achievement of the

and provided by the Competence Center for Statistics within the Department of Economic Affairs of the



72 Chapter 3 | The Heterogeneous Effects of Gifted Classmates

(1) (2) (3) (4) (5)
Composite Composite Composite Math Language
test score test score test score test score test score

Exposure to gifted classmates 0.093*** 0.094*** 0.095*** 0.087*** 0.078***
(0.023) (0.022) (0.022) (0.022) (0.020)

Female -0.199*** -0.181*** -0.353*** 0.047***
(0.012) (0.015) (0.014) (0.014)

Native speaker 0.404*** 0.406*** 0.196*** 0.512***
(0.021) (0.021) (0.020) (0.022)

Age at test -0.189*** -0.189*** -0.166*** -0.161***
(0.009) (0.009) (0.009) (0.009)

Female classmates (%) 0.470*** 0.420*** 0.392***
(0.170) (0.162) (0.148)

Native speaker classmates (%) -0.149 0.025 -0.288**
(0.142) (0.137) (0.128)

Classmates mean age at test -0.011 -0.013 -0.005
(0.037) (0.039) (0.031)

Class size 0.003 -0.002 0.008
(0.008) (0.008) (0.007)

School-by-year FE Yes Yes Yes Yes Yes
Observations 31,187 31,187 31,187 31,187 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in parentheses, are clustered
at the classroom level. Data are from the School Psychological Service St. Gallen and the Stellwerk
test service provider.

Table 3.3: Spillovers from gifted classmates
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other students by 9% of a standard deviation on average. All effects are statistically
significant at the 1% level, and adding covariates does not substantially change the es-
timates. Note that because we exclude the gifted from the analysis, these results do not
reflect the effect of giftedness on the gifted students themselves. Moreover, exposure
measured in our results reflect daily exposure over two school years. In terms of indi-
vidual characteristics, we find the well-documented results that female students score
better in language but worse in math than male students and that non-native speakers
perform on average worse than native speakers (especially in language). Class-level
characteristic appear to be quite irrelevant, except for the proportion of female stu-
dents in the class: having more female classmates increases student achievement in
all subjects. This finding corroborates previous studies conducted in the United States
(Whitmore, 2005; Hoxby, 2000) and Israel (Lavy and Schlosser, 2011a). We also find
that a higher proportion of non-native speaker classmates reduces achievement in lan-
guage (column 5).

In order to assess whether the exposure to gifted peers impacts the gender gap,
we examine potential gender-related heterogeneous effects in Table 3.4. We estimate
the effect of the exposure to gifted peers including an interaction between exposure
and own gender. We reject the null hypothesis that the effect is similar for both female
students and male students in math. The estimated coefficients show that not only
female students perform on average less well than male students on the math test, but
also that the presence of gifted peers in the classroom exacerbates this difference. In
math, the positive impact of the exposure to a gifted peer almost completely disappears
for female students. However, female students do benefit from gifted peers as much
as male students when it comes to performance in language.

Quantifying our results in terms of the gender gap, we find that female students
exposed to gifted students are better off than female students without such exposure.
However, compared to male students, the results suggest that the exposure to gifted
students increases the gender gap in math performance by 16% (figures from Table
3.4, column 2). This increase is due to a disproportional increase in male students’
performance when exposed to gifted classmates. However, the interpretation of the
result is subject to the following caveat. Since our descriptive evidence indicates that

Canton of St. Gallen. The social index is based on the following four indicators: ratio of foreigners with
citizenship of non-German-speaking countries in the population group of 5-14-year-olds, share of unem-
ployed in the 15-64-year-old permanent resident population, ratio of 5-14-year-olds dependent on social
assistance to the 5-14-year-old population, quota of low-income households with 0-13-year-old children.
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(1) (2) (3)
Composite Math Language
test score test score test score

Exposure to gifted classmates 0.116*** 0.115*** 0.085***
(0.026) (0.026) (0.024)

Female -0.170*** -0.338*** 0.050***
(0.017) (0.016) (0.016)

Exposure * Female -0.039 -0.055** -0.013
(0.027) (0.027) (0.026)

Individual characteristics Yes Yes Yes
Classroom characteristics Yes Yes Yes
School-by-year FE Yes Yes Yes
Observations 31,187 31,187 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown
in parentheses, are clustered at the classroom level. Individual charac-
teristics include gender, native German speaker, and age at test. Class-
room characteristics include class size, share of females, share of native
German speakers, and average age at test. Data are from the School
Psychological Service St. Gallen and the Stellwerk test service provider.

Table 3.4: Spillovers from gifted classmates by subject and gender

gifted female students are more likely to remain undetected than male gifted students,
it is even more important to understand the effect we measure as the effect of identified
gifted students.

The results are not sensitive to alternative specifications, treatment or outcome
definitions, or identification strategies. More specifically, we conduct four sets of ro-
bustness checks. First, to make sure that the results are not driven by our definition
of exposure to identified gifted students, we conduct the same analysis while defining
exposure as the proportion of gifted classmates. Table A.3 in the Appendix shows that
our main results hold, showing that adding one gifted student to a class of 20 would
increase achievement by approximately 5% of a standard deviation. We also explore
potential nonlinearities in the share of gifted students per class by adding quadratic
and cubic transformations of the share of gifted students per class. We do not find any
nonlinearities in the relationship between average test scores and the share of gifted
peers.

Second, we check that our results are not sensitive to a specific definition of gift-
edness. As mentioned previously, the cutoff in IQ score that determines whether a
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student is classified as gifted is debated in the literature. For this reason, we conduct
the analysis by considering other IQ thresholds. Figure A.6 in the Appendix displays
the results when IQs of 135, 130, 125, 120, 115, and 110 are used as thresholds for clas-
sifying a child as gifted. In addition, we follow Card and Giuliano (2016) and use the
threshold of 116 for non-native speakers (130 for native speakers). We find that all
the alternative thresholds are within the 95%-confidence interval of the main estimate
(IQ threshold of 130).58 The results are also robust to using alternative definitions of
giftedness, namely gifted students identified only by means of IQ testing (quantitative
assessment) and gifted students identified only by means of qualitative assessment.

Third, we check whether the same patterns occur for academic performance in
other subjects. Appendix Figure A.7 presents estimates of the main specification for
performance in natural sciences (biology, chemistry, and physics) and foreign language
(English) as outcomes. These findings reinforce our conclusion that a gender gap in
performance for STEM-related fields exists: similar to math, female students perform
relatively less well than male students in natural sciences and do not benefit as much
from gifted peers for science-related subjects. In contrast, and similar to the pattern we
found for language, female students do perform relatively better than male students
in foreign languages. The evidence thus suggests that the pattern we uncover in the
main analysis for math and (first) language also extends to other STEM and non-STEM
subjects.

Fourth, teachers are often mentioned as crucial determinants of students’ perfor-
mance and preferences for particular subjects.59 To test whether the gender hetero-
geneity documented in the main specification arises from teachers’ own characteristics
(either observed or unobserved), we repeat the main analysis by adding teacher fixed
effects. By doing so, we change our strategy from within-school-year, between-classes
identification to within-teacher, over-time identification. This change is imposed by the

58To allow for comparability across different IQ thresholds, we keep the estimation sample equal by
running all regressions in Appendix Figure A.6 on the sample of students with IQ below 110 (29,862
observations).

59For instance, Dee (2007) shows that assignment of children to a same-gender teacher improves their
school achievement significantly (in terms of scores, student’s engagement with the subject as well as
teachers’ perception of student performance). Carrell, Page, and West (2010) exploit random assignment
to teachers in the U.S. Air Force Academy to document that, while males are not sensitive to the teacher’s
gender, having a female instructor increases females’ performance in STEM and likelihood to choose a
STEM-related career path (see also Mansour et al., 2018). Focusing on stereotypes, Carlana (2019) shows
that teachers holding implicit negative stereotypes about female students’ ability to excel in math have
a negative and quantitatively significant influence on female students’ performance and career choices.
Similar evidence is documented by Alan, Ertac, and Mumcu (2018).
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data because no teacher holds two classes in the same year.60 The results, presented in
Appendix Table A.4, show the peer effect estimates net of teachers’ time-constant char-
acteristics. We bring evidence that the results do not change when within-teacher esti-
mations are conducted: both point estimates and significance remain very much alike
to those presented in the main analysis. From these findings we surmise that teacher
characteristics do not explain the gender heterogeneity documented in the main anal-
ysis.

One might be concerned that teachers adapt their (instructional) behavior de-
pending on the presence or absence of gifted students in their class. If so, teacher fixed
effects would not totally account for teachers’ adaptation in behavior, teaching style,
or teaching goals induced by the presence of a gifted student. Teachers in the presence
of a gifted student might either adapt their teaching style towards the whole classroom
or provide gifted students with personalized teaching. In the first case, teachers must
weigh the interests of the gifted students with the interest of the other students and the
composition of the classroom, which we control for in our estimation. In the second
case, our estimates are immune to the effect of gifted students on themselves. In both
cases, teachers do not know ex ante the gifted status of their students when they are
assigned to a class, which would make any adaptation slow and more costly.

Finally, we investigate whether other students’ characteristics could alternatively
explain heterogeneous effects of exposure to gifted students in the classroom. As pre-
sented in Appendix Table A.5, we document that relatively young students, students
with a foreign language as mother tongue, and students with school teacher of the
same gender do not react differently to gifted peers. By looking at class size, we find
that the impact of gifted peers is slightly larger in smaller classes. This effect is signif-
icant (5% level) and might indicate that there are dilution effect of putting one gifted
student in a large class. In our main specification, we account for this dilution effect
by always adding class size as a control variable. In conclusion, we are confident that
these channels do not tamper with our main results and that gender is the main driving
force behind our findings.

60In practice, we specify the error term as εicst = πs + ϕt + ηcs + uicst, where ηcs represents the teacher
fixed effect (πs and ϕt are school and time fixed effects, respectively).
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3.4.2 Heterogeneity and Mechanisms

Provided that we uncover no source of heterogeneity other than the gender-
subject result we presented previously, what exactly drives the effect heterogeneity
across gender and why does the gender gap in math achievement widen when stu-
dents are exposed to gifted peers? In this section, we explore several possible explana-
tions for the peculiar gender-subject heterogeneity in the ability peer effect proposed
by the scientific literature in economics, psychology, and education science.

In a first step, we try to understand which students are affected the most by
the presence of gifted classmates. We look at quantile effects of the exposure to a
gifted peer. In Figure 3.2, we estimate the treatment effect of the exposure to gifted
peers for classmates belonging to a given percentile of the test score distribution. The
figure plots (unconditional) quantile treatment effects (following Firpo, Fortin, and
Lemieux, 2009) and the respective 95%-confidence intervals for different percentiles
of the achievement distribution. We find that while exposure to gifted peer has posi-
tive effects throughout the achievement distribution, students in the lower tail of the
distribution do not benefit as much as students at the top. The peer effect reaches a
peak around the eighth decile, indicating that high-achieving but non-gifted students
react the most to the presence of gifted peers. Not only do these findings point out that
mainstreaming of high ability peers in the classroom has positive peer effects for chil-
dren who are academically strong – as already suggested by Card and Giuliano (2014)
and Duflo, Dupas, and Kremer (2011) – but they also show that children on the lower
end of the performance distribution benefit from such peers.

When we assess gender-specific impacts of being exposed to a gifted peer for
children in different quantiles of the test scores distribution, we do not only find a gen-
der penalty of having a gifted peer in math across the whole performance distribution,
but also that this gender penalty appears to be significant primarily among female
students at the bottom of the score distribution. Appendix Figure A.8 displays this
pattern: the gender penalty is distinguishable from zero for the lowest three deciles of
the test score distribution. Moreover, as suggested by our previous results, this penalty
disappears in language achievement. In summary, both male and female peers in the
upper tail of the achievement distribution are positively impacted by their exposure to
gifted students. However, low-achieving female students seem to be relatively more
negatively impacted than their low-achieving male counterparts in math. These results
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Figure 3.2: Quantile treatment effect of exposure to gifted classmates
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suggest that the widening of the gender gap might be driven primarily by decreased
performance of low-achieving female students.

A possible – and much discussed – culprit for the reported gender difference in
reaction to high ability peers is the fact that male students and female students perceive
competition differently (Niederle and Vesterlund, 2011; Iriberri and Rey-Biel, 2019). On
the one hand, female students have a higher tendency than male students to experience
test pressure, which puts them at disadvantage in standardized tests (e.g., Gneezy,
Niederle, and Rustichini, 2003; Montolio and Taberner, 2018; Saygin, 2020). On the
other hand, female students shy away from competitive environments (e.g., Niederle
and Vesterlund, 2007; Morin, 2015) because of lower self-confidence, lower academic
self-concept, or lower willingness to compete against male students. This phenomenon
is more prominent among high-ability students (Buser, Peter, and Wolter, 2017; Preckel
et al., 2008).

A further mechanism that could possibly explain the heterogeneous impact of
gifted peers on both male and female students is a “role model” mechanism. Gifted
students may be seen as a source of inspiration by their peers and may influence
their peers’ achievement and motivation positively, especially if the gifted students
are themselves exemplary peers. In recent years, the presence of female role models –
or the lack thereof – has been shown to have a significant impact on behaviors, pref-
erences and career choices of other female students and women, and it has emerged
as a prominent explanation for the gender imbalance in STEM careers (Buckles, 2019;
Avilova and Goldin, 2018; Porter and Serra, 2019).61 In this spirit, we investigate
whether female students react differently to gifted female peers than to gifted male
peers (and inversely). In addition, we look at whether gifted female or male students
who are exemplary students influence their female and male peers more positively
than disruptive gifted students.

In Table 3.5, we decompose the effect of exposure to gifted peers into exposure
to gifted female students and gifted male students and we estimate these effects on
female students and male students separately. Note that we lower the IQ threshold to
115 for this analysis (one standard deviation above the mean instead of two), because
the low prevalence of gifted students causes a loss of statistical power when using the
130-threshold. However, as presented previously in Figure A.6, the magnitude of the

61Female role models are defined as “women who can influence role aspirants’ achievements, moti-
vation, and goals by acting as behavioral models, representations of the possible, and/or inspirations"
(Morgenroth, Ryan, and Peters, 2015, p. 4).
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ability spillover is not greatly affected by the choice of the IQ threshold. We bring
evidence that male students emulate their gifted peers irrespective of the gender of
their gifted peers. As shown in Panel A of Table 3.5, coefficients of exposure to gifted
male students are similar in magnitude to the coefficients of exposure to gifted female
students. Interestingly, male students seem to be less affected by gifted peers when it
comes to language: the size of the coefficient on language alone is twice as small as the
coefficient on math. We conduct a simple F-test to show that the two coefficients are
not statistically different from each other, which reinforces our conclusion that male
students benefit from gifted peers irrespective of the gender of their gifted peer.

Turning our attention to female students, we find that female students react
strongly to the gender of their gifted classmates. Panel B of Table 3.5 documents
that female students react much less when they are exposed to gifted male students;
however, they strongly react to the exposure to other gifted female students (around
10% of a standard deviation in overall test score). The only exception is in language,
where female students are positively affected by gifted male students as much as by
gifted female students. For math, we can conclude that female students are responsive
to the gender of their gifted peer, and that they experience a positive influence in the
presence of gifted female students. Once again, we stress the fact that the presence
of a gifted female student in a classroom is as good as random, allowing to draw
causal conclusions from our quasi-experimental setting. Not only is this finding in
line with the above-mentioned literature, but it also adds valuable understanding on
the importance of same-gender role models.

So far, we have implicitly assumed that all gifted students are “good peers”, in the
sense that they positively affect and influence their peers. However, this might not be
true, especially if gifted students suffer from emotional, behavioral or social problems
and disrupt the classroom. Evidence that psychological disorders such as ADHD neg-
atively impact the academic performance, increase the tendency to underachieve and
impair executive functioning of gifted individuals as much as non-gifted individuals
is well-documented (Antshel et al., 2008; Brown, Reichel, and Quinlan, 2009; Mahone
et al., 2002; Gomez et al., 2019).62 It is therefore important to distinguish between gifted
children who, by their disruptive behavior, are less likely to be seen as exemplary stu-

62Gifted students who suffer from other mental health disorders are also referred to as “twice-
exceptional.” There is a debate in the literature in psychology on whether gifted individuals are rel-
atively more likely as the general population to develop psychological disorders (such as ADHD, anx-
iety, and mood disorders) or depression. Some researchers suggest that gifted individuals are more
inclined to developing such disorders and defend an “overexcitability perspective," such as Karpinski
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(1) (2) (3)
Composite Math Language
test score test score test score

A. Male students

Exposure to gifted male classmates 0.058** 0.075*** 0.025
(0.027) (0.027) (0.026)

Exposure to gifted female classmates 0.085** 0.094*** 0.052
(0.034) (0.032) (0.032)

F-test for equality of coefficients (p-value) 0.535 0.635 0.510

B. Female students

Exposure to gifted male classmates 0.046 0.029 0.051*
(0.029) (0.028) (0.027)

Exposure to gifted female classmates 0.105*** 0.125*** 0.055**
(0.029) (0.030) (0.026)

F-test for equality of coefficients (p-value) 0.152 0.018** 0.921

Individual characteristics Yes Yes Yes
Classroom characteristics Yes Yes Yes
School-by-year FE Yes Yes Yes

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in paren-
theses, are clustered at the classroom level. In panel A, N = 14, 274; in panel B,
N = 16, 203. Individual characteristics include gender, native German speaker,
and age at test. Classroom characteristics include class size, share of females,
share of native German speakers, and average age at test. Data are from the
School Psychological Service St. Gallen and the Stellwerk test service provider.

Table 3.5: Spillovers by gender of the gifted
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dents by their peers, and gifted students who are more likely to foster productivity and
generate positive externalities in the classroom.

Having information on the psychological profile of each child sent to the School
Psychological Service, we identify gifted students who have been also referred for ex-
hibiting behavioral, emotional or social difficulties (12.3% of all gifted students, see
Table 3.1). Children with such difficulties are usually referred to the SPS for disrupting
the classroom or for showing mental or emotional problems. In terms of school perfor-
mance, we find no visible difference in the distribution of test scores for gifted children
with and without emotional or behavioral disorders (see Figure A.10).

As presented in Table 3.6, we find that gifted children with emotional issues have
a statistically insignificant influence on their peers, despite the negative sign of the
coefficient. When looking at the effect of the presence of gifted children without emo-
tional difficulties, the effect is not only significantly positive, but also 25% larger than
the effect of exposure to all gifted children together. This suggests that only gifted
peers who are not disturbing the classroom environment have positive impact on their
peers; disruptive high ability peers at best have no impact and at worst put their peers’
performance in jeopardy. This finding can be made even more salient when we ana-
lyze which students in the test score distribution are affected. Appendix Figure A.9
shows, on the one hand, that gifted children with emotional issues do not affect their
peers (although there are significant negative effects around the median). On the other
hand, gifted children without disruptive tendencies positively inspire all their peers
towards better performance, with the effect being slightly larger among high achievers
– as in our main analysis.

In addition, we find that female students are more sensitive to the presence of
disruptive gifted students than male students. Whereas male students are not affected
by the presence of gifted peers with behavioral, emotional, or social issues, female
students react strongly and negatively. Column 4 of Table 3.6 reports the interaction
effects of being a female student with the exposure to an emotionally unstable gifted
peer. Female students perform dramatically less well when they are put in the same
class as an emotionally unstable gifted student (about 28% of a standard deviation less
than male students), while male students do not react at all to the same gifted peers.

et al. (2018) who survey adult members of Mensa (the largest and oldest high IQ society in the world,
which is open to people who score at the 98th percentile or higher on a standardized, supervised IQ or
other approved intelligence test), whereas others argue that the prevalence of psychological disorders is
not higher among the gifted (e.g., Peyre et al., 2016).
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(1) (2) (3) (4)
Composite Composite Composite Composite
test score test score test score test score

(all students) (male students) (female students) (all students)

Exposure to gifted with difficulties -0.045 -0.022 -0.076 0.009
(0.047) (0.057) (0.061) (0.053)

Exposure to gifted without difficulties 0.123*** 0.166*** 0.075** 0.139***
(0.024) (0.029) (0.031) (0.027)

Female -0.181*** -0.170***
(0.015) (0.016)

(Exposure to gifted with difficulties)* -0.110**
(Female) (0.055)

(Exposure to gifted without difficulties)* -0.029
(Female) (0.028)

Individual characteristics Yes Yes Yes Yes
Classroom characteristics Yes Yes Yes Yes
School-by-year FE Yes Yes Yes Yes
Observations 31,187 14,709 16,478 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in parentheses, are clustered at the class-
room level. Individual characteristics include gender, native German speaker, and age at test. Classroom charac-
teristics include class size, share of females, share of native German speakers, and average age at test. Data are
from the School Psychological Service St. Gallen and the Stellwerk test service provider.

Table 3.6: Exposure to gifted with and without social, behavioral, or emotional difficulties

However, both male students and female students react positively to the presence of
gifted peers who do not have emotional issues, and there is no statistically significant
gender difference in this respect.63

In sum, our results strongly suggest that both the quality of high-ability spillovers
and the sensitivity to disruption play a role in the widening of the gender gap for stu-
dents exposed to gifted peers. In fact, being exposed to gifted classmates is no guar-
antee of improved school performance. Instead, the way high ability peers behave
in class is a critical factor for the development of virtuous spillover effects, especially
when it comes to spillovers on female students. Our empirical findings are consis-
tent with both the role-model interpretation and previous research on the detrimental
effects of disruptive students (e.g., Carrell, Hoekstra, and Kuka, 2018).

63The same patterns discussed here hold if we perform the analysis for math and language separately.
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3.4.3 Trajectories after Compulsory Education

Although the results presented here already have far-reaching educational pol-
icy consequences, the question remains whether the impact that gifted students have
on their peers is limited to academic achievement during the time spent together, or
whether it has longer-term consequences beyond that time? Linking our data with ad-
ministrative data of the educational system allows us to follow the educational career
of around 75% the students beyond the period of compulsory schooling. Attrition is
almost exclusively due to individuals not having yet completed compulsory education
(i.e., the last two school cohorts in the data). Specifically, we are interested in whether
the presence of a talented peer in the class influences the peers’ educational choices.
In Switzerland, tracking into a vocational track or academic track occurs after compul-
sory education, when students are about 16 years old. A minority (less than twenty
percent) of the students opt for the selective academic track (baccalaureate schools)
and the majority (two third of a cohort) choses a vocational track, which in the region
under observation is usually offered in the form of apprenticeships.64

By looking at whether students choose an academic track, a vocational track, or
no post-compulsory education at all, we examine whether being exposed to gifted stu-
dents has longer-run effects. Results are presented in Table 3.7, divided into three
binary outcomes as follows: no post-compulsory education started, vocational track
started, and academic track started. In each regression, the reference category is al-
ways the other two trajectories combined, in order to avoid conditioning on down-
stream outcomes.

We find that being exposed to gifted classmates in secondary school significantly
increases the likelihood of choosing the academic track. Interestingly, this effect is
entirely driven by male students who enter the academic track instead of the voca-
tional one. No effect is found for female students, except for a small and marginally
significant negative effect on the probability of starting vocational education. In gen-
eral, we find that exposure to gifted peers during secondary school does not change
the probability of pursuing any post-compulsory education degree. This result is ex-
pected, given our previous findings that low-achieving students are less affected than
high-achievers by the presence of gifted students.

64A detailed overview of the Swiss education system can be found here: http://www.edk.ch/dyn/
11586.php.

http://www.edk.ch/dyn/11586.php
http://www.edk.ch/dyn/11586.php
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We complement the results by looking at whether exposure to gifted peers affects
the choice of vocational career for those students starting a Vocational Education and
Training (VET). We use data from on the exact values of the apprenticeship require-
ment level ratings.65 These ratings are made by experts who assess the requirement
content of each VET occupation along the following dimensions: math, science, first
language, and foreign language.66 We code a VET occupation as “STEM-intensive”
when its curriculum content in math and science belongs to the top quartile of the
math and science content distribution among all occupations. When focusing on voca-
tional education, we find that exposure to gifted students in the classroom increases the
enrollment in STEM-intensive occupations among students who choose a vocational
career. Again, we find that only male students are the ones affected by the exposure
to gifted peers when choosing their vocational occupation. Our results are in line with
recent evidence that peer characteristics during adolescence influence important career
decisions (Anelli and Peri, 2017; Carrell, Hoekstra, and Kuka, 2018; Black, Devereaux,
and Salvanes, 2013). They also highlight the importance of peer quality on the deci-
sion to pursue STEM-related careers among females, as highlighted by Mouganie and
Wang (2020) and Card and Payne (2017).

However, unlike Mouganie and Wang (2020) who examine high school students
in China, we do not find a negative effect of high-ability male students on women’s
likelihood to choose a science track during high school. One obvious explanation for
this discrepancy is the difference in the institutional setting. Another difference is that
we focus on gifted students, a population with higher ability on average but with het-
erogeneous school achievement. Thus, the results of the present paper constitute an
important complement to the findings for high-ability students in China.

3.5 Conclusion

The present study sheds light on the relevance of gifted students and their het-
erogeneous spillovers effects in the classroom. Heterogeneity is observable in at least
three dimensions. First, not all gifted students impact their peers in the same manner,
but the impact depends on the gender of the gifted student and also whether gifted

65Attrition on the data on occupational profiles is almost exclusively due to the impossibility to merge
our data with the corresponding apprenticeship requirement level ratings (see Appendix Table A.2).

66These data are the product of an initiative by the Swiss Cantonal Ministers of Education, with
financial support of the State Secretariat for Education, Research, and Innovation (SERI).
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students show behavioral problems or not. Second, not all peers are affected in the
same way, but effects differ by gender and ability of the peers and third, peers are not
affected in the same way in all subjects. We find that while male students benefit from
the presence of gifted peers in all subjects regardless of their gender, female students
benefit primarily from the presence of gifted female students. The nature of our data
allows us to test a number of potential mechanisms. We show that neither teachers
nor classroom composition are responsible for driving the heterogeneity in the abil-
ity spillovers. Instead, we present suggestive evidence consistent with the hypothesis
that academic role models and classroom behavior are important determinants of the
gender gap in math.

Moreover, our results suggest that exposure to gifted students has powerful, last-
ing effects on career choices and post-compulsory education. The presence of gifted
students in the classroom is a catalyst for pursuing an academic track or a STEM-
intensive vocational training. However, this catalytic effect is found to perpetuate
(and even deepen) the gender gap in the likelihood of choosing occupations that re-
quire higher STEM skills. Indeed, men react to the presence of gifted peers by taking
up STEM-intensive occupations, whereas women do not. With the disclaimer that our
results measure the peer effect of identified gifted students, we corroborate existing ev-
idence that social environment affects women’s STEM career choices as early as high
school.

In general, we find that gifted students are influential in fostering emulation
and impacting positively the academic achievement and the career choices of their
peers. They are therefore fundamental forces in the classroom production function that
should not be ignored in designing successful educational policies, especially when
considering whether gifted students should be segregated in more “elite” schools or
pull-out programs. We also show that giftedness alone is no guarantee for positive ex-
ternalities: gifted students who were diagnosed with socio-emotional problems gener-
ate null-to-negative spillovers on their peers.

In terms of classroom composition policies in an inclusive education system, the
results of the present paper offer two major insights. First, it is desirable to evenly
spread gifted students without behavioral problems throughout classrooms. This re-
assignment scheme would ensure that non-gifted students have increased chances of
being exposed to non-disruptive gifted students and benefit from positive learning
spillovers. Second, reassignment policies should allocate disruptive gifted students
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randomly to classrooms, because doing so would ensure that non-gifted students have
random chances of being exposed to disruptive gifted students, which is in line with
the principle of equality of chances. These recommendations come, however, with
one important caveat. Our models estimate the effect of gifted peers on non-gifted
students, but they do not provide us with the effect of gifted peers on fellow gifted
students. As such, we miss an important ingredient of sound reallocation policies, i.e.,
how much gifted students themselves benefit – or not – from each other and from their
non-gifted peers. Therefore, further research calls for a better understanding of opti-
mal classroom allocation, possibly balancing the positive spillovers from high-ability
students with negative spillovers from disruptive students.
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4.1 Introduction

In the past 15 years, the literature on peer effects in the school environment has
grown exponentially (e.g., Balestra, Sallin, and Wolter, forthcoming; Brenøe and Zölitz,
2020; Carrell, Hoekstra, and Kuka, 2018; Angrist, 2014; Burke and Sass, 2013; Black,
Devereaux, and Salvanes, 2013; Lavy, Silva, and Weinhardt, 2012; Lavy and Schlosser,
2011a; Bifulco, Fletcher, and Ross, 2011; Carrell and Hoekstra, 2010), and we now have
a better understanding of the main driving forces at play in the classroom. However,
most of the classroom peer effects67 have been studied “in isolation”, i.e., researchers
have focused on the effect of one particular peer characteristic on their classmates (for
instance, the effect of female peers on their classmates). These analyses have two main
limitations: they do not sufficiently account for the fact that peer effects have heteroge-
neous impacts on individuals with different characteristics, and they do not incorpo-
rate the reality that there are at least as many peer effects as there are types of students.
As a result, such analyses are often unable to capture the granularity of peer effects,
and miss the fact that individual effects are important (Isphording and Zölitz, 2020).
As a consequence, and from an estimation perspective, most peer-effect analyses rely
on average effects estimated with linear-in-means models, and are therefore likely to
miss the complexity of peer effects.

In this paper, we provide a more comprehensive analysis of educational peer
effects by looking at the systematic interaction of peers and their many charac-
teristics. We start with the assumption that “true” peer effects are nonlinear and
high-dimensional (Sacerdote, 2014). They are nonlinear as they vary with group
composition. For instance, we do not expect the marginal effect of female peers
to be similar when the proportion of female peers in the classroom is high or low.
Moreover, the marginal effect of female peers is likely to affect low-achieving male
students differently than high-achieving female students. In addition, peer effects are
high-dimensional: they interact with students’ characteristics and with each other. For
instance, the effects from female peers likely interact with the effects from younger
peers, are different if they are generated by high- or low-ability female students, and
impact high- and low-ability students differently. Indeed, the complexity of peer
effect models increases with the number of students’ characteristics that are thought
to generate spillovers.

67In the following of this paper, we use “peer effects”, “spillovers” and “spillover effects” inter-
changeably.



4.1 Introduction 91

Using up-to-date machine learning (ML) methods, we develop a general empiri-
cal approach that systematically considers the nonlinearities and high-dimensionality
of spillover functions. We determine which dimensions in the classroom are the most
predictive of academic success, we develop a framework that allows us to estimate
high-dimensional spillover functions, and we conduct classroom allocation simula-
tions (counterfactual analysis). There has been a surge in the use of highly predictive
ML algorithms in economics and causal econometrics (e.g., Athey and Imbens, 2019;
Athey, 2019; Mullainathan and Spiess, 2017), but no study so far has used such meth-
ods to address the problem of educational peer effects. For this study, we use unique
data on the universe of students in middle schools from the canton of St. Gallen, the
fifth-largest state in Switzerland. Merging student achievement data from a mandatory
standardized test in grade eight, and administrative records of the School Psycholog-
ical Service (SPS), we are able to observe a rich set of students’ characteristics. We
focus on gender, age at test (which is a good proxy for achievement, see Bietenbeck,
2020), whether the student has special educational needs (SEN) (see Balestra, Eugster,
and Liebert, forthcoming), whether the student is a high-ability (gifted) student (see
Balestra, Sallin, and Wolter, forthcoming), and finally whether the student is a non-
native speaker. For identification, we exploit random variation in cohort composition
within school-tracks, and in classroom composition within school-track-years. To test
the random allocation of students to cohorts within school-tracks, and to classrooms
within school-track-years, we adapt balancing checks traditionally used in the peer ef-
fect literature to a setting with more than one characteristic of interest. Following these
randomization tests, we argue that both the distribution of students to cohorts within
school-tracks and the random allocation of students to classrooms within school-track-
years are consistent with random variation for all measured students’ characteristics.

While the advantage of ML algorithms is not always clear in empirical studies,
the problem at hand ideally calls for the use of such methods. One main advantage
of ML methods is that they can handle high-dimensional models with a very large
set of predictors by selecting predictors that are highly predictive of a given outcome.
We conduct the following thought experiment: we imagine that school administra-
tors observe a given set of student and cohort or classroom characteristics. Among
all the characteristics they observe, they would like to know which ones are the most
predictive of academic success, and in which combination. We run stable selection pro-
cedures (Meinshausen and Bühlmann, 2010; Shah and Samworth, 2013) with ML reg-
ularization algorithms to uncover these variables. These procedures have been used in
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biology (for identifying the risk factors of coronary heart disease, molecular features,
etc.), and this is the first time such algorithms are used to help us understand social
phenomena in a social science setting. We find that students’ own characteristics are
the most important predictors of their academic success, rather than students’ peers:
peer effects are rarely selected as predictors of academic performance, while selected
variables are all students’ own characteristics. The fact that interactions between char-
acteristics are selected is a first indication that focusing on main characteristics (such
as gender only) is likely to hide substantial heterogeneity. Qualitatively, we show that
the few selected peer effects are dominated by the effect from peers with special needs
and from low-achieving peers. This confirms findings that older low-achieving peers
and peers with special needs have an important impact on their peers (e.g., Bietenbeck,
2020; Balestra, Eugster, and Liebert, forthcoming). Finally, when we compare variables
selected at the cohort and classroom levels, we observe that peer effects are more “di-
luted” at the cohort level, which is expected as peers exert most of their influence in
smaller groups (this is consistent with Burke and Sass, 2013, who discuss how peer
effects change between cohort and class level).

Another advantage of ML methods is their flexibility. Such data-driven algo-
rithms are thus ideal to paint a more realistic picture of peer effects. We leverage co-
hort and classroom identification strategies to flexibly estimate high-dimensional peer
effect functions. Moreover, we develop a procedure with ML algorithms that allows
us to assess both peer effects at a granular level and heterogeneous peer effects of par-
ticular finely defined groups of students on other groups of students. This flexible
estimation procedure allows us to systematically recover results that correspond to,
and confirm, main findings of the literature. However, our findings do uncover more
interesting heterogeneities: at the cohort level, peer effects from gender are virtually
nonexistent. Similarly, we deliver a different picture of peer effects at the classroom
level: effects generated from older students, students with SEN, and nonnative stu-
dents, are downward sloping and not constant in the share of peers within classrooms.
This means that the more older peers, peers with SEN, or nonnative peers in the class-
room, the more negative their impact on other students and on themselves become.
These findings suggest that classrooms environments that are less homogeneous in
students’ characteristics (i.e., classrooms that are more mixed and have low segrega-
tion along types of students) provide higher chances of academic success, and that
even small variations in the proportion of these peers have large negative effects.
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In a last step, we perform counterfactual analyses, in the spirit of Graham, Im-
bens, and Ridder (2010), Graham (2011), and Graham et al. (2020). We conduct sim-
ulations to investigate what would happen to a given student if he or she were put
in a different classroom environment. We do so by computing counterfactual assign-
ments under the constraint that the existing pool of students remains unchanged. For
instance, we are interested in learning about aggregated outcomes when school ad-
ministrators decide to slightly manipulate the classroom compositions by substituting,
from each classroom, one student with a particular characteristic with another student,
and to create “clusters” of students of a given type in one classroom (case of “marginal
segregation”). More precisely, we assess the average counterfactual effects (ACE) and
the conditional average counterfactual effects (CACE) of these small manipulations
of classroom composition, i.e., how much counterfactual allocations affect particular
groups of students. The key takeaways from this counterfactual analysis are three.
First, the results strongly suggest that marginally increasing segregation has different
impacts depending on which students are segregated. Our results clearly show that
creating clusters of students with SEN has large negative impact on the aggregated
school performance. However, creating clusters of female students makes no differ-
ence at the aggregate level, as students greatly benefit from having more female stu-
dents in their classroom while classrooms who lose female students perform less well.
Second, students in classrooms containing clusters (thus classrooms that are more ho-
mogeneous in students’ characteristics) are overly harmed by higher homogeneity in
peers exerting negative peer effects, and the aggregated harm done to the segregated
groups always exceeds the aggregated benefits for the mainstreamed students. This is
because marginal peer effects are not constant.68 Finally, our results show – unsurpris-
ingly – that marginal segregation increases overall inequality as measured by the Gini
coefficient.

The contributions of the present study are four. First, this study is the first to
use cutting-edge ML methods to examine peer effects. These flexible estimation meth-
ods allow us to investigate peer effects at the most granular level, i.e., at the quasi-
individual level of interacted types. To our knowledge, this is the first paper to attempt
to estimate spillovers at such a granular level, perhaps with the exception of Isphord-

68In the appendix, we show that this the case by conducting the following thought experiment: we
take clustering to the extreme and we set counterfactual classroom allocations in which we allow stu-
dents to be completely segregated according to their types. We show that complete segregation is harm-
ful to the segregated groups, and that this harm outweighs the benefits that the non-segregated students
enjoy.
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ing and Zölitz (2020) who measure the value-added of individual students placed in
different peer groups.

Second, our findings confirm the shared intuition in the school peer-effect re-
search that “not all peer effects are created equal.” Using variable selection methods,
we are able to offer a ranking of relevant peer characteristics, highlighting the fact that
own characteristics remain the most important characteristics for academic achieve-
ment. We are also able to show that not all peer effects affect students with different
characteristics in the same way.

Third, we show that peer effects are nonlinear (high dimensional), supporting the
evidence from the recent network literature (Bramoullé, Djebbari, and Fortin, 2020). In
a way, we take the intuition of Sacerdote (2014) to the letter by systematically account-
ing for nonlinearities and high dimensionality in our estimation procedure, instead of
considering nonlinearities and high dimensionality as ad hoc phenomena, as it is usu-
ally done in the robustness sections of many peer-effect studies.

Finally, we discuss counterfactual allocations and show that, keeping resources
fixed, marginally segregating students of a given type neither increases aggregate
achievement nor fosters equality. This evidence adds to the policy debate on the
value of school segregation, especially in the case of the segregation of students with
SEN (see Balestra, Eugster, and Liebert, forthcoming; Sallin, 2021). Taken to their
fullest, these last conclusions are supportive of inclusive education with respect to all
observed types. We remain however cautious in devising policy recommendations,
primarily because we perform our exercise in a world where resources are fixed and
cannot be allocated – for example – to classes with more disadvantaged students.
Nonetheless, we may deliver the following claim: simulations of counterfactual effects
indicate that making classrooms more segregated in students’ characteristics does not
improve the aggregate academic performance of students.

4.2 Background and Data

The education system in Switzerland offers ideal conditions to observe the diver-
sity of students in general (mainstreamed) education. Almost all students in Switzer-
land complete compulsory education in public school; only 5% of students in a cohort
go to private school. Importantly, students cannot freely choose their public school but
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are assigned to schools according to their municipality of residence. As inclusion is an
important public school policy objective, children of different ability, gender, ethnic-
ity, special needs, and socio-economic background are educated in an inclusive setting
whenever possible.69 This situation is comparable to the academic environment of
most OECD countries, as well as the US.

The present study considers the universe of middle schools from the canton of
St. Gallen, the fifth-largest state in Switzerland. St. Gallen follows the typical Swiss
curriculum70, which includes a two-year entry level (kindergarten) and nine years of
compulsory schooling, the first six years of which are at the primary level and the last
three at the middle school level. Crucially for our study, our setting stands out for the
following three important reasons. First, classes remain unchanged within each level
but are reshuffled when transitioning from primary to middle school. This means that,
as opposed to the American setting and that of other countries, the class composition
is stable during middle school and across school subjects. Second, tracking occurs
at the end of primary school. There are two main tracks, the Sekundarschule (higher
track) and the Realschule (lower track). Assignment to either track is based on student
performance and the primary school teacher’s recommendation. Third, regardless of
the track, all students take a mandatory standardized test in core subjects at the end
of grade eight – the second to last year of compulsory schooling. The test, named
“Stellwerk,” is computer-based and administered by the cantonal Department of Edu-
cation. Stellwerk is a norm-referenced, self-scoring, adaptive exam similar in spirit to
the Graduate Record Examination.71

Data for this study stem from two administrative sources. First, we use test score
data for the population of students enrolled in eighth grade in the canton of St. Gallen
during the years 2008 to 2017. These data are supplied by the Stellwerk test provider
and contain information on student achievement (standardized test score in Math and
German), student characteristics (date of birth, gender, and native German speaker),
and composition of schools and classes in grade eight (school, track, classroom iden-

69Special schools in Switzerland represent 4.7% of all schools, serving 1.8% of the student population
(Swiss Federal Statistical Office, 2020).

70Switzerland has a federal structure and gives the 26 cantons – regional administrative entities sim-
ilar to U.S. States – some autonomy in educational policy decision-making. The degree of coordination
among the cantons remains nonetheless relatively high: since the Intercantonal Agreement on the Har-
monization of Compulsory Education in the 1970s, the cantons have applied virtually the same com-
mon curriculum for compulsory schooling.

71For more details on Stellwerk, please refer to Balestra, Eugster, and Liebert (forthcoming) and
Balestra, Sallin, and Wolter (forthcoming), from which we draw heavily in this section.
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tifier, and teacher identifier). The second data source is the administrative records of
the School Psychological Service (SPS) of the canton of St. Gallen. The SPS is a central-
ized service provider for all schools in the canton, divided into separate administrative
units for the main city St. Gallen and the remainder of the canton, which is served by
seven regional offices. The SPS provides diagnosis and counseling for children, par-
ents, and teachers for school-related problems. In these data, we observe all students
who were ever registered to the SPS, along with information on general counseling,
diagnosis of learning disabilities, developmental deficiencies, conflict mediation, and
schooling strategies for children with any kind of special educational needs.72 From
the SPS data, we can identify students with a special needs diagnosis (e.g., learning
disability or socio-emotional problem) and students who are classified as intellectually
gifted (i.e., IQ above 130 points).73

We merged the two administrative data sets using anonymous student identifiers
provided by the Swiss Statistical Office. We impose the following data restrictions. We
remove 1,265 students with special needs assigned to special schools (fully segregated
special education schools), and we remove 1,464 students who did not take the SW8
test. We additionally remove outliers in term of age at test (289 observations). We
decide to remove all classrooms that have less than 9 students and classrooms that
have more than 31 students (2,476 observations). Finally, to have enough within-school
variation left, we decide to keep only schools that appear at least five times in the data
(1,082 students).

Table 4.1 describes our dataset. The data contain 2,674 classrooms in 142 school-
tracks over ten academic years. As individual binary characteristics, or “types”, we
focus on gender, nonnative status, relative age status, intellectual giftedness, and spe-
cial needs diagnosis. Relative age indicates that a student is older than the typical age
when taking the Stellwerk test. Older peers are students who have either repeated a
grade or who have started school later. On average, 17% of students are older than 15
years old, i.e., the typical age at which students in St. Gallen take the test (for informa-
tion, 25% of students are younger than the typical student when they take the test). We
take the indicator of being older at test as a good proxy for low achievement (Bieten-
beck, 2020). Students identified with SEN are students who have been referred to the

72Balestra, Eugster, and Liebert (2020) offer a comprehensive discussion of the SPS, its role in St.
Gallen, and the detailed procedure of registration with the SPS.

73Balestra, Sallin, and Wolter (forthcoming) discuss in detail the procedure of giftedness assessment
via quantitative (IQ) and qualitative testing at the SPS.
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SPS in primary school and who received a diagnosis. We identify 29% of students with
SEN, which is very high in international comparison. The reason for this high number
is that we adopt a very broad definition of SEN: some of these students have severe
SEN (such as physical handicaps), while other students are sent for milder SEN (e.g.,
counseling, tutoring, speech therapy, or learning disabilities). The gifted population
is very small, and covers around 1% of the student population. These students are
identified gifted students with an IQ score above 130 or with a qualitative assessment
that confirms their intellectual giftedness. Fifteen percent of students are nonnative
students, meaning that they come from families who do not speak German at home.
Finally, as one can expect, the male-female ratio is well balanced.

These variables are the common predetermined characteristics used in the liter-
ature. But most importantly, they are also variables that are observable by a school
administrator (or, in general, by a social planner). One major difference with the liter-
ature is that we do not use previous achievement to classify students as high or low
ability. Instead, we rely on psychological examination on intellectual giftedness (high
ability), and special needs or age at test (low ability).
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Mean Std.dev. Min Max N

A: Individual binary characteristics (types)
Older age 0.17 0.38 48,714
Identified with special needs 0.29 0.45 48,714
Gifted 0.01 0.10 48,714
Nonnative 0.15 0.36 48,714
Female 0.50 0.50 48,714

B: Cohort peers within schools (leave-own-out)
Older peers 0.172 0.113 0.00 0.94 48,714
Peers with special needs 0.291 0.180 0.00 1.00 48,714
Gifted peers 0.010 0.021 0.00 0.23 48,714
Nonnative peers 0.149 0.183 0.00 0.94 48,714
Female peers 0.498 0.158 0.00 1.00 48,714

C: Classroom peers within school-track-years (leave-own-out)
Older peers 0.172 0.134 0.00 1.00 48,714
Peers with special needs 0.291 0.197 0.00 1.00 48,714
Gifted peers 0.010 0.027 0.00 0.40 48,714
Nonnative peers 0.149 0.201 0.00 1.00 48,714
Female peers 0.498 0.169 0.00 1.00 48,714

C: Cells
Year of test 2012 2.86 2008 2017 48,714
Class size 19.13 3.63 10 30 48,714
Cohort size 46.44 22.77 11 118 48,714

D: Outcomes
Composite test score 0.00 1.00 -4.66 4.2 48,714

Summary statistics for the population of students in the inclusive school
system of the Canton of St. Gallen. Information for the cohorts and the
classroom composition is given. Number of classrooms: 2,674; Number of
school-track-years: 1,357; Number of school-tracks: 142. Source: SPS

Table 4.1: Summary statistics
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4.3 Setting

4.3.1 Empirical setting

Peer-effects studies or social interaction models are traditionally interested in the
following coefficient γ:

yic = α + βTic + γT(−i)c + δXic + µc + ϵic, (4.1)

where yic is the outcome of student i in cell c, Tic is usually an individual type binary
indicator for the “own” effect of interest, T(−i)c is the proportion of peers of a given
type within the cell of reference. The proportion of peers in the same cell is usually
computed as the “Leave-Own-Out” (LoO) proportion 1

Nc
∑j ̸=i∈c Tic, with Nc being the

cell size. Xic are other covariates that do not define types (for instance, the cell size). µc

gives the fixed effects at the level of randomization, and ϵic is the idiosyncratic error
term. The estimand of interest γ is thus the difference of expected values of yic under
different proportion of peers T(−i)c = t′(−i)c and T(−i)c = t′′(−i)c in cell c given own types
and other control variables. In other words, it is the average effect of a change in the
proportion of peers with given characteristics within a cell.

In this setting, researchers usually isolate one variable of interest T and its corre-
sponding LoO proportion T. For instance, much research has been done on the effect
of being assigned to high or low proportions of female classroom mates (where T(−i)c

is the proportion of female classmates) for male and female students on school perfor-
mance or long-term educational prospects (see for instance Brenøe and Zölitz, 2020).
The proportion of peers is usually a continuous variable, but it is sometimes modeled
as a binary indicator for exposure to a certain type of peers. Empirical papers using
identification within schools over time often also include time dummies and some-
times school-specific time trends. In practice, researchers estimate Equation (4.1) with
a linear regression (linear-in-means model) and add polynomials of the LoO propor-
tion to explore potential nonlinearities of the effect of T. In most applications, Xic also
contains covariates about individual characteristics under the assumption that these
characteristics might confound the investigated effect of peers.

We extend this single variable approach in two ways. It is in general not realistic
to look at the effect of a shift in the proportion of T(−i)c without looking at all the other
peer effects that interact simultaneously to a shift in T(−i)c. Consequently, we consider
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models where (i) own types are interacted with each other (e.g., a student can simulta-
neously be a female and a nonnative student); (ii) where LoO proportions reflect these
interactions (e.g., the proportion of female nonnative students in a cell); (iii) and where
LoO proportions and own types are interacted (e.g., the effect of female peers might
affect nonnative students and native students differently). As an illustration, for a case
with n binary types, we end up with 2n possible groups, thus 2n LoO variables, and
2n × 2n interactions between groups and their corresponding LoO proportions. If we
add polynomials of the LoO proportions, we multiply again the number of variables by
2n. This leads to the second way we extend the traditional single-variable approach.
As the number of potential predictors of yi,c becomes larger very fast (such that the
number of predictors might become as large as the number of observations), we as-
sume that only a subset of variables S < p has an influence on the outcome variable.
This assumption that the “true” model has only a (relatively) small number of nonzero
parameters is known as the sparsity assumption in the ML literature.

Before we explain in more detail how we deal with these two extensions from
an estimation perspective (in Section 4.3.3 and Section 4.3.4 below), we now turn our
attention to the identification strategy.

4.3.2 Identification

The coefficient γ is identified with the provision that three identifying assump-
tions hold: first, there must be no reflection problem caused by the fact that individual
outcomes, peer outcomes, and students’ and peer characteristics are determined simul-
taneously in the cell of interest (see Manski, 1993). To account for the reflection prob-
lem, we only use students’ characteristics defined before the assignment to schools or
classrooms. That is, we use covariates defined prior to entering middle school.

Second, there must be no common and correlated unobserved shocks at the group
level. To resolve this issue, we control for unobserved heterogeneity at either the
school-by-track or the school-by-track-by-year levels. More precisely, we apply two
different identification strategies. First, we exploit the natural variation in the cohort
composition within school-tracks. This strategy rests on the assumption that small dif-
ferences in cohort composition over time within the same school are unrelated to other
factors determining academic performance. This approach has become the “gold stan-
dard” in the peer effects literature (e.g., Black, Devereaux, and Salvanes, 2013; Angrist
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and Lang, 2004; Bifulco, Fletcher, and Ross, 2011; Brenøe and Zölitz, 2020; Carrell and
Hoekstra, 2010; Carrell, Hoekstra, and Kuka, 2018; Lavy, Silva, and Weinhardt, 2012;
Lavy and Schlosser, 2011a). However, peer effects are more likely to emerge in the
classroom, because the classroom is the policy-relevant peer group in education pro-
duction (Lazear, 2001). Therefore, and as a second strategy, we also exploit variation
between classrooms within the same school-track-years (e.g., Burke and Sass, 2013).

Third, there must be no endogenous peer selection into cells. Selection into co-
horts would threaten the validity of our first identification strategy. For example, an
idiosyncratic migration shock could affect the distribution of nonnative students in
some cohorts. Selection into classrooms (within the same school-track-year) would
threaten the validity of our second identification strategy. For example, this would be
the case if a school principal strategically assigns nonnative students to classrooms or
teachers. Even though we are estimating effects within school-track-year, our second
approach is generally less plausible than the first strategy because of potential selection
into classes. We conduct this second analysis anyway, and present balancing checks for
both identification strategies.

To assess whether there is selection of students into cells, we conduct two dif-
ferent balancing tests. Conducting these tests is not trivial in our setting because we
must test for the selection of students with respect to five characteristics – and not only
one, as in standard peer-effect studies. In addition, we are interested not only in the
balance of the first two moments (mean and standard deviation of students’ character-
istics across cohorts and classrooms), but in the distribution of LoO proportions, as we
investigate nonlinearities in the effects. In a first test, we conduct a randomization anal-
ysis as in Bifulco, Fletcher, and Ross (2011). We randomly draw observations at each
level of randomization (school-track for cohorts, school-track-year for classrooms) 500
times with replacement and compare the randomly sampled distribution of student
types within each level of treatment with the distribution we observe in the data. As
can be seen in Table 4.2, the random distribution and the actual distribution are very
similar in terms of first and second moments. When testing for differences in means
with a t-test, we find no difference between the mean of the actual distribution and
the mean of the random distribution. This is corroborated by the shape of the respec-
tive distributions presented in Figure A.1 and Figure A.2: randomized distributions
of types fit the actual distributions well. All in all, these findings suggest that both
identification strategies are plausible.
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Observed Randomized Difference
Mean Std.dev. Min Max Mean Std.dev. p-value

A: Cohorts within school
Raw cohort variables
Older peers 0.172 0.113 0 0.94 0.187 0.117 0.554
Peers with special needs 0.290 0.180 0 1.00 0.315 0.184 0.919
Gifted peers 0.010 0.021 0 0.23 0.010 0.021 0.616
Nonnative peers 0.149 0.183 0 0.94 0.156 0.163 0.922
Female peers 0.498 0.158 0 1.00 0.489 0.146 0.983

B: Cohorts within school
Residuals after removing school-track fixed effects and year trends
Older peers 0.00 0.069 -0.32 0.35 0.00 0.072 0.258
Peers with special needs 0.00 0.079 -0.32 0.35 0.00 0.082 0.787
Gifted peers 0.00 0.016 -0.07 0.18 0.00 0.017 0.479
Nonnative peers 0.00 0.110 -0.60 0.62 0.00 0.063 0.836
Female peers 0.00 0.083 -0.35 0.44 0.00 0.091 0.996

C: Classrooms within school-track-years
Raw classroom variables
Older peers 0.172 0.134 0 0.95 0.178 0.132 0.803
Peers with special needs 0.290 0.297 0 1.00 0.305 0.200 0.783
Gifted peers 0.010 0.027 0 0.36 0.010 0.027 0.990
Nonnative peers 0.149 0.201 0 1.00 0.158 0.200 0.890
Female peers 0.498 0.169 0 1.00 0.492 0.173 0.915

D: Classrooms within school-track-years
Residuals after removing school-track-year fixed effects
Older peers 0.00 0.072 -0.49 0.82 0.00 0.066 0.528
Peers with special needs 0.00 0.082 -0.62 0.80 0.00 0.076 0.366
Gifted peers 0.00 0.020 -0.12 0.17 0.00 0.017 0.966
Nonnative peers 0.00 0.084 -0.55 0.71 0.00 0.058 0.649
Female peers 0.00 0.063 -0.57 0.62 0.00 0.086 0.670

Notes: Variation in cohort or classroom composition measures after removing school-track fixed ef-
fects (and time trends or school-track-year fixed effects.) Randomization checks with 500 draws. For
each random draw, students are randomly reassigned to classes or cohorts within the same school-
tracks or school-track-years. The presented standard deviation is the mean standard deviations
across the 500 reassignments. The test for mean differences between the random draw and the ob-
served data is a two-sample t-test, and p-values are reported.

Table 4.2: Variation in cohort or classroom composition measures and randomization checks
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To detect potential selection into classrooms or into cohorts, we conduct further
balancing checks by testing whether each peer effect variable (the mean of LoO vari-
ables) predicts individual baseline characteristics (gender, native speaker, relative age,
special needs, and giftedness) conditional on school-track or school-track-year fixed
effects (as in Guryan, Kroft, and Notowidigdo, 2009). We regress each mean of LoO
variables on the other baseline characteristics, and we control for the relevant fixed
effects (school-track-year for classroom identification and school-track for cohort iden-
tification) as well as for the mean peer type at the level of randomization (this last con-
trol is the “correction” proposed by Guryan, Kroft, and Notowidigdo 2009). For five
main characteristics, we regress 52 − 5 = 20 regressions and report the distribution of
p-values for the coefficient of the characteristics of interest.

The distribution of p-values for the balancing tests across classrooms is presented
in Figure 4.2a. Two p-values out of 20 are under the significance threshold of 5% for the
cohort identification strategy. For the classroom identification strategy, four p-values
out of 20 are under the threshold of 5%, which indicates that some peer effects are
predictive of individual characteristics in the classroom. These four significant coef-
ficients are the coefficients of the share of older peers on the special need status (and
vice-versa), and the coefficients of the share of nonnative peers on special need status
(and vice-versa).

While the tests indicate no threat to internal validity for identification across co-
horts over time, there are some reservations with identification between classrooms
across schools. For the latter strategy, even though the distribution of types in the
data are consistent with a randomly generated one, we suspect that a correlation exists
between peers with SEN and older peers. This is partially expected, because many
student with SEN either enter school one year later or repeat a grade in elementary
school. To mitigate these concerns, all our estimates “control” for both individual and
cell characteristics.

4.3.3 Stable Selection

In this section, we explore the problem of finding the number of nonzero param-
eters that are in the “true” model. We want to know which variables are the most
important predictors of school performance, and in which combination. We imagine
a school official who wants to know which variables are crucial determinants of aca-
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(a) Balancing check for cohort identification

(b) Balancing check for classroom identification
Notes: This graph shows the distribution of p-values obtained from regressing each particular type on
the proportion of peers of all other types in the relevant cells (cohort or classroom). Five types and
their five corresponding proportions are used, giving 5×5 - 5 = 20 regressions. The regressions of type
share on their corresponding own type are excluded. P-values are the p.values of the type coefficient of
each regression. Each regression controls for the relevant fixed effects (school-track.year for classroom
identification and school-track for cohort identification), as well as for the mean peer type at the level of
randomization (this last control is the “correction” proposed by Guryan, Kroft, and Notowidigdo 2009).

Figure 4.1: Balancing checks for cohort and classroom identification
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demic performance in an inclusive educational setting. Since she observes a potentially
high-dimensional set of student characteristics, she is likely interested only in the most
relevant variables. In practice, she observes a set of p student characteristics (“types”)
tj, j = 1, ..., p and their corresponding leave-own-out variables (LoO variables, or “peer
effects”) tj, j = 1, ..., p. From this set of types and peer effects variables, she would like
to focus on the subset of variables S ⊆ t1, ..., tp; t1, ..., tp that are the most informative
of students’ school performance. The larger p is, the more relevant the knowledge
about S becomes for the school official, as a model with too many parameters becomes
practically unusable.74

We implement the stable selection algorithm proposed by Meinshausen and
Bühlmann (2010) and refined by Shah and Samworth (2013) to restrict the set of
relevant variables S to a low-dimensional, and practically usable, set of influential
characteristics. For notation, we follow Hofner, Boccuto, and Göker (2015). We draw
B random subsets of the sample of size ⌊n/2⌋ and, on each subsample b = 1, ..., B,
we fit the lasso statistical learner that selects a set of features of maximal size q. In
brief, lasso (or “least absolute shrinkage and selection operator”, or “l1-penalized
regression”) is a widely used ML method based on linear regression that performs
both variable selection and regularization in order to enhance the prediction accuracy
and interpretability of linear models with many variables (or “predictors”). The main
tuning parameter for the lasso is λ, which gives the amount of regularization (if λ = 0,
the model is identical to OLS without penalization, and the larger λ, the more coeffi-
cients are set to 0). The optimal value of the parameter λ is usually defined ex ante, or
with cross-validation procedures. In our case, for each random subsample, we run the
lasso at a particular value of the shrinking parameter λ ∈ Λ, where Λ is defined as the
candidate set of λ values between the highest value of λ such that no coefficients are
selected, and the smallest value of λ such that q coefficients are selected. The set of
selected variables per subsample b and per value of the regularization parameter λ is
Ŝb

λ. We then compute the empirical probability for a variable to be selected:

π̂λ
j =

1
B

B

∑
b=1

Ij∈Ŝb
λ
, (4.2)

where I is the indicator function that takes value one if the variable j was selected in the
subsample Ŝb

λ. This gives the stability path, which is the probability for each variable

74For simplicity, we focus on individual types and their corresponding leave-own-out variables.
However, other variables can influence students’ performance, such as group size.
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to be selected at a given value of λ when randomly resampled from the data. Finally,
we select all the predictors that are selected with a selection probability of at least π∗,
which is a pre-specified threshold value. By doing so, we end up with a set of stable
variables Ŝstable = {j : max

λ∈Λ
π̂λ

j ≥ π∗}.75 Meinshausen and Bühlmann (2010) show that

results do not depend strongly on the value of the regularization parameter λ.

As the lasso is a shrinkage and selection method for linear regression, it allows us
to directly relate our results to the existing literature on peer effects that uses linear-in-
means models. However, since the set of variables S might contain many interactions
between types, and between types and LoO variables, we need to use a version of lasso
which is able to account for both strong hierarchy and weak hierarchy. Strong hierar-
chy assumes that an interaction can be part of the true underlying model only if both
its main effects are also part of the true model, whereas weak hierarchy assumes that
an interaction can be part of the true model as long as one of its main effects are part
of the true model. The hierarchical group lasso developed by Lim and Hastie (2015) is
able to catch interactions and main effects that obey strong hierarchy as well as weak
hierarchy. In contrast, the traditional lasso might select only interactions without their
main effects, which might not make sense in our settings. The hierarchical group lasso
is based on the group lasso (Yuan and Lin, 2006), which conducts variable selection
by setting groups of variables to zero. It essentially defines main effects and interac-
tions as belonging to the same group of variables, and performs variable selection on
these groups. We adapt the stable selection algorithm in order to accommodate the
hierarchical group lasso.76

4.3.4 High-Dimensional Peer Effects

In this section, we estimate high-dimensional peer effects with flexible learners
based on ML in order to discover heterogeneities and nonlinearities in effects. We ex-
tend the model presented in Equation (4.1): the test score for students with a vector
of characteristics Tic is estimated under particular corresponding T(−i)c peer propor-
tions (LoO variables defined at the cohort or classroom level c), and other covariates of
interest Xic. By definition, the vector of individual types and the vector of correspond-

75This selection procedure ensures that the false positives rate V, i.e., the rate of wrong selections, has

an upper bound given by E(V) ≤ 1
(2π∗−1)

q2

p . The expected number of wrong selections is lower when
the number of chosen features q is lower and when the threshold π∗ is higher. For more details on the
error rate bound, see Meinshausen and Bühlmann (2010) and Shah and Samworth (2013).

76All code files can be found on https://github.com/ASallin/hdpx.

https://github.com/ASallin/hdpx
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ing LoO proportions have the same length. We therefore want to flexibly estimate the
following function:

yic = g(Tic, T(−i)c, Xic, ζ(Tic, T(−i)c, Xic)), (4.3)

where ζ(Tic, T(−i)c, Xic) represents a (high-dimensional) vector of covariates created
from the interactions of all the elements of Tic, T(−i)c, Xic with each other (and also
possibly including interactions of higher levels as well as polynomials). Moreover, like
in the stable selection exercise, we assume sparsity, i.e. that only a subset of predictors
among the predictors in function g() are nonzero in the “true” model. We estimate
this function by means of flexible ML learners. In our setting, since the assignment
to cohorts within school-tracks, or to classrooms within school-track-years, is random,
we are able to assume that there is no selection into cells. The traditional peer effect
research is interested in the following estimand, which conceptually corresponds to
the coefficient γ in Equation (4.1):

∆t′c,k,t′′c,k
= E[yic|T(−i)c,k = t′c,k, ...]− E[yic|T(−i)c,k = t′′c,k, ...],

where T(−i)c,k is now the scalar representing the kth element of T(−i)c. In other words,
∆t′c,k,t′′c,k

is the marginal effect of a change in the kth LoO proportion from t′c,k to t′′c,k at

point T(−i)c,k = t′c,k. Note that the difference between t′c,k and t′′c,k is usually picked to
be a meaningful variation in the peer proportion of a certain type k (such as the change
in T(−i)c,k that represents one additional student per classroom). As we do not expect
the effect to be linear, this difference changes with the particular value of tc,k, of t′c,k,
as well as with all the other variables tc,k and t′c,k are interacted with. The magnitude
∆t′c,k,t′′c,k

can be understood as the average treatment effect (ATE) of a shift in T(−i)c,k.

Moreover, we will be interested in the heterogeneous effects of a shift in LoO
proportions for the lth element of Tic, i.e., for type l:

Γt′c,k,t′′c,k,tc,l
= E[yic|T(−i)c,k = t′c,k, Tic,l = tc,l, ...]− E[yic|T(−i)c,k = t′′c,k, Tic,l = tc,l, ...]

where k = l or k ̸= l. For instance, the effect of having more gender peers is investi-
gated for female (Tic,l = 1) and male (Tic,l = 0) students separately. These conditional
effects can be investigated at the level of category types (for instance, across gender),
but can also be investigated at the quasi-individual level (for granular types, such as,
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for instance, the effects for nonnative male students with SEN, and for nonnative male
students without SEN).

To estimate the function g(), we develop the following procedure. In step (1),
we demean all variables in our dataset at the level of randomization (school-track or
school-track-year). This allows us to make predictions and conclusions that account for
unobserved cell effects that would confound our outcome (conceptually, this is similar
to a “fixed effects” procedure). In step (2), we conduct clustered k-fold cross-fitting,
where “clusters” in this context stand for the cells forming the level of randomization
(particular school-track cells for the cohort identification or particular school-track-
year cells for the classroom identification). In step (2), we (2a) first randomly assign
each cluster to k different groups (or “folds”), and (2b) within each fold, we randomly
draw 80% of observations. In step (3), we use the drawn observations in k − 1 folds to
train a ML learner that predicts the outcome of interest.77 In step (4), we fit our trained
model on the left-out kth fold. This is known as “out-of-bag” prediction. In step (5),
we repeat step (2) to (4) k times such that we have out-of-bag predictions for all k folds.
Finally, in step (6), we repeat step (2) to (5) M times and obtain a matrix of n × M fitted
values, where n is the number of observations in our sample. These M repetitions are
important for inference: similar to bootstrapping in the case of linear regression, we
obtain a distribution of fitted values per observation, and estimate standard deviations
for fitted values.78

This clustered cross-fitting procedure aims at minimizing the risk of overfitting
while producing externally valid results. ML methods could easily fit the data per-
fectly, and thus our predictions would not be informative outside of our data. In fact,
we want our results to generalize outside of the school-track cells or outside of the
school-track-year that form our sample, such that our conclusions would also apply to
students that are in cohorts or classrooms we do not observe in our dataset. Since we
train our ML learners on 80% of observations in the k − 1 folds, and that we predict
our model on “out-of-bag” observations in the kth fold, we never use the same obser-
vation and the same clusters to train the model and to obtain predictions. This ensures
that our models are robust to differences in clusters (see, as an inspiration, Athey and

77As ML learners, we use both hierarchical group lasso and random forest. To combine the predic-
tions of these two different models, we program an ensemble learner that combines all predictions into
one vector of fitted values in such a was that the RMSE is minimized.

78Note that, in comparison to classical bootstrapping, 50 repetitions might seem like a low number of
repetitions. Our constraints in the number of repetition purely stem from our computational limitations,
as training ML algorithms with the clustered k-fold cross-fitting procedure is computationally intense.



4.4 Results 109

Wager, 2019). This procedure is necessary to capture effects for students whose types
are relatively rare (e.g., gifted students).

Finally, in order to summarize and represent ∆t′c,k,t′′c,k
and Γt′c,k,t′′c,k,tc,l

at different
LoO proportions points for the whole population or for subpopulations of interest, we
use simple group means at different points of ∆t′c,k,t′′c,k

and Γt′c,k,t′′c,k,tc,l
. To show how

the effects vary at each value of the LoO proportion, we estimate kernel regressions
in which we flexibly regress the predicted outcome on a peer composition of interest
Tic = tic. These kernel representations give the marginal peer effect of a given peer
type on peers’ academic performance at each tc,k point.

4.4 Results

4.4.1 Stable Selection

True model scenarios. We conduct stable selection on academic performance with
B =200 draws and a threshold value of π∗ =0.75, which means that we keep variables
that have a probability of 0.75 to be selected by the algorithm. Since we are a priori
agnostic about the presence of interaction terms (and their complexity level) in the
“true” model, we present three scenarios. First, we assume that the true underlying
model contains only main effects, i.e., the effect of own main types and the effect of
peers of each of these own types. This setting corresponds to the setting adopted in
most traditional peer-effect studies. Second, we assume that the true model flexibly
comprises of interactions of degree two between types, between LoO variables, and
between types and LoO variables. Finally, we look at types at the finest degree of
interaction, i.e., variables that exhaust the field of possible interactions between types.
For instance, our five main types, which depict ten main categories (female and male,
older and non-older, gifted and non-gifted, etc.), result in 25 = 32 types. These 32 types
give the finest degree of type representation, and each observation belongs to one and
only one type. We interact each of these 32 types with their corresponding 32 LoO
variables.79

79From these 32 types, we exclude types that are always zero, as well as types that cover less than 1%
of the population. In case of variables that are collinear or highly correlated, the lasso will likely pick
one variable over the other by chance. We do not think it is a problem in this setting for the following
reasons: first, the main characteristics are not collinear. Second, a school administrator or a policy maker
would not find real value in learning about all highly correlated variables. For this reason, we remove
ex ante collinear predictors when we conduct the analysis on full types. Finally, because we decompose
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Results of the stable selection. We present results of the stable selection exercise at
the cohort level in Figure 4.3 without interactions, Figure B.1 with interactions, and
Figure 4.5 of the Appendix for fully interacted types. For the classroom level analysis,
we present results in Figure 4.4 without interactions, Figure B.2 with interactions, and
Figure 4.6 of the Appendix for fully interacted types. In each graph, we present, on the
left-hand side panel, the selection probability for the selected variables. This probabil-
ity represents the probability for the variable to be selected by the hierarchical group
lasso in 200 draws averaged across all values of the parameter λ.80 We want to empha-
size the fact that this analysis is qualitative in nature: we want to learn which variables
are important from a predictive point of view. However, in order to have an idea of
the effect size and to relate our results to the literature, we report, on the right-hand
side panel, the corresponding OLS regression coefficients of all selected features (with
fixed-effects at the school-track level for the cohort analysis, and at the school-track-
year level for the classroom analysis). All selected predictors are additively included
in a single regression, and, for this reason, effects must be interpreted in a ceteris paribus
way, i.e., the effect of a given variable when all the others are held constant.81

The analysis without interactions in Figures 4.3 and 4.4 reveals insightful results.
At the cohort level, only the five own types are selected and no peer effects are present.
This means that peers’ influence at the cohort level does not predict academic perfor-
mance. At the classroom level, four out of the five selected variables are own types.
These results confirm the literature that own characteristics are more important than
peer effects (see the discussion by Angrist, 2014).

Interestingly, the impact of peer students with SEN is highly predictive of
academic performance in the classroom environment, which confirms the analysis
of Balestra, Eugster, and Liebert (forthcoming) in the same setting. This is even

each combination of types to their most granular level, the fully interacted model does not contain
main effects (such as, for instance, the effect of “only” being a male student). Including all main effects,
interacted effects of depth 2, interacted effects of depth 3, and so on, would end up in a model with too
many (highly correlated) predictors.

80The path for values of λ is defined in such a way that the number of variables selected is under the
chosen number of variables in the true model q. Although varying the values of q does not influence the
results, we arbitrarily choose q = 6 for models without interactions, q = 40 for models with interactions,
and q = 25 for the fully interacted models. We pick a lower value for q for the fully interacted model as
we already have “thrown out” highly correlated predictors.

81A cautionary note on the interpretation of p-values in the graph: it is important to remember that
the p-values from the post-selection regressions cannot be interpreted in the traditional sense, since the
variables have been selected in a first step. Some of the coefficients may not be statistically significant
even though their variable has been selected.
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Notes: the left panel of this graph reports the probability for a variable to be selected. The learning
algorithm is stable selection with hierarchical group lasso on 200 folds of size n/2. Selected variables
are variable selected with a probability higher than 0.75 (dashed line). The × indicates interactions, the
term “peers” indicate peer effects, and the term “size” is the size of the cell (either classroom or cohort).
The right panel displays the OLS coefficients and their 95% confidence intervals only for the variable
selected. More details on how coefficients are computed can be found in Section 4.3.3. Effect sizes and
confidence intervals are presented for information only and must be interpreted with caution.

Figure 4.3: Stability selection and effect size at the cohort level without interactions

more noteworthy since the own SEN status is the only own type not selected in the
classroom setting. This is likely due to the fact that the own SEN status does not
necessarily predict own achievement: on the one hand, there is heterogeneity among
all students with SEN, and many of them are diagnosed with disabilities or issues
that are not related to school performance. On the other hand, the main effect of
SEN may go through another variable (e.g., nonnative or gender). All in all, the
presence of students with SEN in the classroom impacts the school performance of
their classmates as they may disrupt learning or need additional teachers’ attention.
In terms of effect size, all types are negatively correlated with academic performance
except for the giftedness status.

Results of variable selection when allowing for interactions of level two offer an
even more comprehensive picture of which variables are the most relevant in a peer-
effect setting. As presented in more detail in Appendix C.2 (Figures B.1 and B.2), the
effect of older peers and the effect of peers with SEN are the dominating peer effects at
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Notes: the left panel of this graph reports the probability for a variable to be selected. The learning
algorithm is stable selection with hierarchical group lasso on 200 folds of size n/2. Selected variables
are variable selected with a probability higher than 0.75 (dashed line). The × indicates interactions, the
term “peers” indicate peer effects, and the term “size” is the size of the cell (either classroom or cohort).
The right panel displays the OLS coefficients and their 95% confidence intervals only for the variable
selected. More details on how coefficients are computed can be found in Section 4.3.3. Effect sizes and
confidence intervals are presented for information only and must be interpreted with caution.

Figure 4.4: Stability selection and effect size at the classroom level without interactions

the cohort level. Moreover, these two peer effects are heterogeneous: both effects are
interacted, meaning that the effect of older peers changes as a function of the propor-
tion of peers with SEN in the cohort.

At the classroom level, the five main types are selected. The first dominating peer
effects are effects from peers with SEN. The algorithm selects, in 100% of cases, peer
effects from students with SEN on other students with SEN, and peer effects from stu-
dents with SEN on nonnatives. However, and surprisingly, the main effect of peers
with SEN is not selected: this interesting case of weak hierarchy means that the main
effect of classmates with SEN is not part of the “true” model. The second dominating
effects in the classroom are effects from older peers (see also Bietenbeck, 2020): older
peers have a negative impact on their peers, and this impact is interacted with the
classroom size and with the effect of female peers. Finally, some variables are inter-
acted with the classroom size: the effect of peers with SEN, the effect of older peers,
and the own SEN status. The influence of classroom size for students who are more
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Notes: the left panel of this graph reports the probability for a variable to be selected. The learning
algorithm is stable selection with hierarchical group lasso on 200 folds of size n/2. Selected variables
are variable selected with a probability higher than 0.75 (dashed line). The × indicates interactions, the
term “peers” indicate peer effects, and the term “size” is the size of the cell (either classroom or cohort).
The right panel displays the OLS coefficients and their 95% confidence intervals only for the variable
selected. More details on how coefficients are computed can be found in Section 4.3.3. Effect sizes and
confidence intervals are presented for information only and must be interpreted with caution.

Figure 4.5: Stability selection and effect size at the cohort level with fully interacted types

likely to fall behind is anything but surprising: their academic success is more likely to
depend on the availability of teaching resources and individual teacher attention.

Turning our attention to fully interacted models, we analyze heterogeneities at
the most granular level possible. The analysis of fully interacted models at the co-
hort level as presented in Figure 4.5 shows that 13 variables are selected, among which
seven variables are peer effects. Both genders are selected, either alone or in combi-
nation with other characteristics.82 Among these seven variables, two of them reveal
peer effects from male peers with SEN on female students or low-achieving female
students, and two of them reveal peer effects from male peers on low-achieving fe-
male students. The other three are peer effects from female students on other female
students. These findings reinforce the conclusion that peer effects are mostly due to
male peers on female students who are more at risk of under-performing academically
(female students with SEN or older, or nonnative).

82Note that the variables “male” or “female” correspond to male and female students who are not
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Notes: the left panel of this graph reports the probability for a variable to be selected. The learning
algorithm is stable selection with hierarchical group lasso on 200 folds of size n/2. Selected variables
are variable selected with a probability higher than 0.75 (dashed line). The × indicates interactions, the
term “peers” indicate peer effects, and the term “size” is the size of the cell (either classroom or cohort).
The right panel displays the OLS coefficients and their 95% confidence intervals only for the variable
selected. More details on how coefficients are computed can be found in Section 4.3.3. Effect sizes and
confidence intervals are presented for information only and must be interpreted with caution.

Figure 4.6: Stability selection and effect size at the classroom level with fully interacted types

At the classroom level, Figure 4.6 shows that 13 variables are selected, among
which five variables are peer effects. Again, most important peer effects are generated
by students with SEN who are male and nonnative, and by students with SEN who are
male, nonnative, and older. These peer effects can be related to the “disruption” hy-
pothesis put forward by many empirical papers (e.g., Bietenbeck, 2020; Carrell, Hoek-
stra, and Kuka, 2018; Balestra, Eugster, and Liebert, forthcoming; Bifulco, Fletcher, and
Ross, 2011; Hanushek, Kain, and Rivkin, 2009; Figlio, 2007). In addition, female peers
with no other observed characteristics generate positive peer effects, whereas male
peers with no other observed characteristics generate positive peer effects mostly on
male classmates. These results, and the fact that both effects are positive, are in line
with Bertrand and Pan (2013) and Lavy and Schlosser (2011a). The characteristic of be-
ing a gifted male is selected, whereas being a gifted female student is not. This reflects
the findings by Balestra, Sallin, and Wolter (forthcoming) in a very similar setting. Fi-

older, not nonnative, not gifted, and without SEN.
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nally, spillover from female peers both on male students and on other female students
are selected, in contrast to the results for the cohort level. As our results and our simu-
lation exercise below suggest, female peers are a major (positive) force in the classroom,
independently of the other characteristics also associated with a female student.

In conclusion, the stable selection exercise offers valuable qualitative information
on how peer effects interact in school groups. It shows that peer effects are dominated
by the effect from students with SEN and from low-achieving students, more particu-
larly from low-achieving male students with SEN. Special needs and relative achieve-
ment are therefore important factors to take in consideration, especially in classrooms.
Moreover, and in general, we observe that peer effects are more “diluted” at the cohort
level, which is expected as peers exert most of their influence in smaller groups. This
is consistent with Burke and Sass (2013) who discuss how peer effects change between
cohort and class level. From a methodological point of view, the stable selection ex-
ercise confirms our knowledge that individual effects are more important than peer
effects. Therefore, it is important to “control” for own types when estimating peer ef-
fects. Finally, it shows that effects and peer effects are most likely heterogeneous across
types, and depend heavily on the group composition.

4.4.2 High-Dimensional Models

We estimate high-dimensional models using ML algorithm as presented in Sec-
tion 4.3.4, both at the cohort and at the classroom levels. All variables are demeaned
at the level of randomization, so coefficients can be interpreted as differences from the
mean of the randomization cell. Since the estimated spillover functions account for
many parameters, they can be used to represent various effects of interest. In what fol-
lows, we represent the functions in a “classical”, non-interacted way, keeping in mind
that the fitted values were estimated using all interactions and parameters selected in
the previous section. To achieve a graspable sense of the effects’ magnitude and sign,
the effects are summarized by a kernel regression that takes the predicted values from
the ML algorithm as outcome and the LoO variable of interest as the predictor.83

83Kernel bandwidths are found by cross-validation. Given our algorithms, we conduct inference
across the the M predictions. This means that, for kernel regressions, we estimate M kernel regressions,
and we conservatively report, for each predicted LoO point, the upper confidence interval across the
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Results at the cohort level. We first discuss the high-dimensional functions for
the cohort identification strategy, which are presented in Figure 4.7. Each subgraph
presents the effect of peers of a given type (for instance, share of female peers) both on
peers of the same type in red (female students), and on peers of the other type in blue
(male students).

Figure 4.7a shows the peer effects from older peers. Students in cohorts with more
older peers are negatively affected, and this is true both for students who are older
and for students who are not older (the two regression lines have the same slopes). A
similar pattern can be observed for peers with SEN in Figure 4.7b. The representation
of peer effects for gifted students in Figure 4.7c shows that gifted students perform
on average 0.5 standard deviations higher than nongifted students, and that nongifted
peers benefit from the presence of gifted peers in their cohort. Note that the curves for
gifted students do not cover as much support as other variables, as the prevalence of
gifted peers is on average very low. Nonnative peers at the cohort level seem not to
affect their peers. Finally, having more female peers affects neither male students, nor
female students. This last result is important, as it shows that peer effects originating
from gender do not happen at the cohort level.

Results at the classroom level. At the classroom level, peer effects appear to have
a larger impact on school performance. This is expected, as the classroom environ-
ment is the environment in which peers interact the most. Figure 4.9a shows that a
higher proportion of low-achieving, older peers in the classroom has a negative influ-
ence on peers, both low-achieving and not. The picture is, again, similar in the case of
peers with SEN. In both cases, the estimated spillover functions are downward sloping,
which suggests that classroom environments with lower segregation provide higher
chances of academic success for both students with SEN and students without SEN.
The share of nonnatives in the classroom has no negative impact for lower propor-
tions of nonnative peers, but peer effects from nonnative peers are (largely) negative
for classrooms with a higher degree of nonnative students.

It is important to note that effects generated from older students, students with
SEN, and nonnative students, are downward sloping and not constant in the share of
peers within classrooms. In fact, the negative marginal effects of adding additional

M predictions, and the lower confidence interval across the M predictions. This explains the peculiar
shape of confidence intervals in reported figures.
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(a) (b)

(c) (d)

(e)
Notes: This figure displays the effect of the share of types of interest per cohort on the standardized test
scores. Test scores and shares are demeaned from their school-track averages. Heterogeneity across own
types is depicted in different colors: the own effect is given in red, and the effect for the other category is
given in blue. For instance, if the effect of the proportion of nonnative students is investigated, the red
line gives the effect of nonnative peers on nonnatives, whereas the blue line gives the effect of nonnative
peers on natives. 95% confidence intervals are represented from 50 predictions obtained with clustered
cross-validation; at each point, the maximal and minimal upper and lower confidence intervals across
the 50 predictions are represented.

Figure 4.7: High-dimensional peer effects at the cohort level
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(a) (b)

(c) (d)

(e)
Notes: This figure displays the effect of the share of types of interest per classroom on the standardized
test scores. Test scores and shares are demeaned from their school-track-year averages. Heterogeneity
across own types is depicted in different colors: the own effect is given in red, and the effect for the
other category is given in blue. For instance, if the effect of the proportion of nonnative students is
investigated, the red line gives the effect of nonnative peers on nonnatives, whereas the blue line gives
the effect of nonnative peers on natives. 95% confidence intervals are represented from 50 predictions
obtained with clustered cross-validation; at each point, the maximal and minimal upper and lower
intervals across the 50 predictions are represented.

Figure 4.9: High-dimensional peer effects at the classroom level
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older peers, peers with SEN, or nonnative peers in classrooms increase in the propor-
tion of these peers. This means that the more older peers, peers with SEN, or nonnative
peers in the classroom, the more negative their impact on other students and on them-
selves become. For instance, the marginal effect of having one percentage point higher
proportion of students with SEN is around -0.5 percentage points of a test score stan-
dard deviation on the students without SEN when computed at the average proportion
of students with SEN in the school-track-year. However, this effect is -1.5 percentage
points when computed in classrooms with a proportion of students with SEN which is
20 percentage points higher than the average. Finally, the share of female peers has a
positive impact on academic performance for both female and male students. This is
different from results found at the cohort level, which suggests that female peers exert
positive peer effects in classrooms rather than cohorts.

Heterogeneity across gender In an additional step, we investigate heterogeneities of
peer effects across gender. Many studies investigate heterogeneous peer effects across
gender to understand, for example, the gender gap in school performance (Fryer and
Levitt, 2010), career choices (e.g., Brenøe and Zölitz, 2020), and preferences (Niederle
and Vesterlund, 2010). Our framework allows us to investigate such heterogeneities
in a systematic way. To have a better idea of how peers affect female and male stu-
dents, we summarize our estimations of gender heterogeneities with kernel smoothers
in Figures 4.11 and 4.12.

We find interesting overall results: first, at the cohort level, there does not seem
to be substantial effect heterogeneities along gender alone. For all four main peer cat-
egories, nonlinear effects for female and male students have similar slopes. Second,
at the classroom level, we observe that male students tend to be more negatively im-
pacted by a higher share of peers with negative influences (older peers, peers with
SEN, and nonnative peers). Above a residual classroom proportion of 0.2 in peers with
negative influences, the gender gap tends to decrease, as the negative slopes for fe-
male students are smaller than the negative slopes for male students. Thus, the effect
of disruptive peers seems to affect male students the most, which is consistent with
the existing literature (Bertrand and Pan, 2013). These results are also valuable as they
serve as cautionary tales for research about the gender gap in classroom: linear models
might detect gender gaps because of extreme values in peer proportions.
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Notes: This figure displays the effect of the share of types of interest per cohort on the standardized
test scores. Test scores and shares are demeaned from their school-track averages. Heterogeneity across
gender is depicted in different colors for both genders. 95% confidence intervals are represented from
50 predictions obtained with clustered cross-validation; at each point, the maximal and minimal upper
and lower intervals across the 50 predictions are represented.

Figure 4.11: High-dimensional peer effects: gender heterogeneity at the cohort level
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Notes: This figure displays the effect of the share of types of interest per classroom on the standardized
test scores. Test scores and shares are demeaned from their school-track-year averages. Heterogeneity
across gender is depicted in different colors for both genders. 95% confidence intervals are represented
from 50 predictions obtained with clustered cross-validation; at each point, the maximal and minimal
upper and lower intervals across the 50 predictions are represented.

Figure 4.12: High-dimensional peer effects: gender heterogeneity at the classroom level
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Mean Std.dev.

A: Cohorts with highest average test score
Older peers -0.064∗∗∗ 0.007
Peers with special needs -0.043∗∗∗ 0.010
Gifted peers 0.007∗∗∗ 0.002
Nonnative peers -0.045∗∗∗ 0.007
Female peers -0.092∗∗∗ 0.015
Cohort size -6.348∗∗∗ 1.403

B: Classrooms with highest average test score
Older peers -0.103∗∗∗ 0.006
Peers with special needs -0.139∗∗∗ 0.003
Gifted peers 0.019∗∗∗ 0.005
Nonnative peers -0.175∗∗∗ 0.009
Female peers -0.055∗∗∗ 0.011
Classroom size -0.758∗∗∗ 1.078

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.001

Notes: This table shows the composition of the
cohorts and classrooms that maximize average
test scores (in panels A and C). All effects are
demeaned at the level of randomization (school-
track for cohorts, school-track-years for class-
rooms). The interpretation of mean coefficients is
relative to the mean at the level of randomization.
Bootstrapped standard errors are reported.

Table 4.3: Optimal classroom and cohort environments
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Ideal school environments. Finally, we use the estimated functions to investigate
ideal school environments in a partial-equilibrium setting. We look at the character-
istics and peer composition of cohorts and classrooms that have the highest average
predicted test score. Table 4.3 shows the peer composition of these cohorts and class-
rooms with bootstrapped standard errors. Our results show that, almost trivially, co-
horts or classrooms with the highest average predicted test scores are those with the
lower proportion of peers with negative effects and higher proportion of peers with
positive effects. Classrooms with the lowest aggregated test scores have a propor-
tion of older peers which is 10 percentage points lower than the average proportion
in their school-track-year cells, 14 percentage points lower proportion of students with
SEN, 17.5 percentage points lower proportion of nonnative students, and 5.5 percent-
age points less female students. However, these classrooms have around 2 percentage
points higher proportion of gifted peers. One interesting finding is the role of group
size, as the best environments are always smaller than the average size in the random-
ization pool. Best classroom environments have, on average, 0.7 less students than the
average classroom at the school-track-year cell. This result corroborates the extensive
literature on class size (Lazear, 2001).

4.5 Policy Counterfactuals

Probing further, we turn to an analysis of interesting policy counterfactuals and
conduct the following exercise in the spirit of, for example, Graham et al. (2020). Us-
ing our high-dimensional peer effect function estimates, we want to understand how
peer effects affect students on an aggregate level, i.e., when the full population of stu-
dents is considered. To perform this analysis, we look at general equilibrium effects of
marginally varying the classroom compositions while keeping the student population
constant. Practically, the school administrator decides to remove, from each classroom,
one student of a given type, and to reallocate these students into a single classroom.
Doing so, one classroom per school becomes a “cluster” of students of given type. This
counterfactual scheme has the advantage of being feasible and easily implementable
for the school administrator. In addition, this approach would limit concerns of teach-
ers’ adaptation in teaching technology and, most importantly, it would not rely on
extrapolations for estimation – as all classroom compositions are actually observed
in the data. These simulated classroom compositions represent counterfactual allo-
cations whose aggregated outcomes can be evaluated with our flexible ML spillover
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functions. We therefore compare the overall average academic performance under a
random classroom allocation and under the simulated allocation. For completeness,
we conduct a further simulation exercise when we fully segregate along types (instead
of only removing one student per classroom) in Appendix C.3.

We impose the following three constraints that plausibly mimic the situation of a
school administrator who has only a given number of teachers and classrooms at her
disposal, but who is interested in implementing different classrooms compositions.
First, the pool of students allocated to classrooms is randomly drawn from the pop-
ulation and has a fixed size. This illustrates natural variations in the pool of newly
enrolled students a school administrator faces every school year. The school adminis-
trator must allocate all these students to a classroom. Second, classrooms have equal
size. This constraint is set to facilitate computations, and could be easily relaxed. Third,
the objective function is the maximization of average test scores at the school level, im-
plicitly assuming an equal welfare weight for all students (each student is considered
equally in the welfare function independently of her characteristics).

To estimate effects of different classroom allocation schemes, we are interested in
the following parameter of interest: the average counterfactual effect ACE:84

ÂCE =
1
N

N

∑
i=1

[
ŷsegr.

ic − ŷrandom
ic

]
, (4.4)

where ŷic is the predicted outcome from the estimated function g() under a more seg-
regated allocation or a random classroom allocation. We are also interested in the con-
ditional average counterfactual effect CACE, which is the average counterfactual effect for
students with varying baseline types tc. For instance, we are interested in whether
students with SEN would be affected differently from increased segregation than non-
native students. The CACE is:

̂CACE =
1
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∑
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[
ŷsegr.
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Finally, we also compute the (average) classroom Gini coefficient to measure equality
across the counterfactual allocation regimes.

84The ACE directly reflects the average reallocation effect ARE of Graham et al. (2020). However, to
accentuate the fact that we are not doing a reallocation exercise, we rename it as the counterfactual effect.
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To estimate both the ACE and the CACE, we proceed as follows. We randomly
draw a pool of 100 students out of the main sample (our “school”), and we randomly
create 5 classrooms of 20 students each. This is the random classroom allocation set-
ting. The number of 20 students is chosen to ease computations, and corresponds
roughly to the average classroom size in our setting. In a second step, we remove one
student of a particular type (e.g., one student with SEN) from each of the four class-
rooms and “cluster” these four students in the fifth classroom. We then randomly re-
move four students of other types (e.g., students without SEN) from the fifth classroom
and randomly allocate each of them to the four remaining classrooms. This keeps the
classroom size constant. This setting is our “manipulated” allocation setting. For each
student and for both settings, we generate the LoO variable at the classroom level along
the five main characteristics. To obtain the individual predicted values, we match our
randomly drawn observations with their nearest neighbors in the original sample, and
we use our predictions from our estimated g() function. We conduct this exercise for
500 random drawn, and for each of the M predicted values. We compute bootstrapped
confidence intervals (as we have, for each random sample draw, M predicted values).
Given the number of random draws, the composition of classrooms under the random
allocation corresponds, on average, to a balanced allocation of types to classrooms. We
finally compare the ACE and CACE as the difference between the “random” classroom
allocation scheme, and the “manipulated” classroom allocation scheme.

Results for the ACE. Results for the ACE are presented in Table 4.4. The picture is
clear: the removal and clustering of students with given types has, on average, neg-
ative but very small impact on the overall aggregated academic performance. For in-
stance, settings in which one older peer is removed per classroom have an aggregated
test score performance which is 0.3 percentage points of a test score standard devia-
tion lower than the setting in which students are randomly allocated to classrooms.
The explanation for these very small differences is simply that the gains for students in
classrooms without clusters is offset by the losses endured by students in classrooms
with clusters. Interestingly, clustering nonnative speakers leads to a slightly positive
improvement in aggregated score. All segregated settings slightly reduce the Gini co-
efficient, which means that, as expected, clustering leads to classrooms that are more
homogeneous in types, and thus increases inequality. From a policy perspective, ran-
dom allocation of students to classrooms seems to have higher aggregated outcomes
than clustering students according to their types.
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Randomized regime Manipulated regime Difference
1
N ∑N

i=1
[
Ŷrandom

ic
] 1

N ∑N
i=1

[
Ŷsegr.

ic
]

ACE

A: Variation in aggregated test score

Removed types:
Older peers 0.012 0.010 -0.003∗∗∗

Peers with special needs 0.010 -0.005 -0.015∗∗∗

Nonnative peers 0.012 0.017 0.005∗∗∗

Female peers 0.010 0.009 -0.001∗∗

B: Corresponding Gini coefficients

Removed types:
Older peers 0.222 0.210 -0.012∗∗∗

Peers with special needs 0.225 0.214 -0.011∗∗∗

Nonnative peers 0.226 0.223 -0.003∗∗∗

Female peers 0.227 0.223 -0.004 ∗∗∗

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.001

Notes: This table shows the predicted school average test score under both the ran-
dom and manipulated (simulated) allocation regimes. The “random” classroom allo-
cation scheme has random allocation of all students to classrooms, whereas the “ma-
nipulated” classroom allocation scheme removes one student of a given type from all
classrooms but one, and creates a cluster of students of the given type in the left-out
classroom. The manipulation dimensions are the main types used in the paper (except
gifted students, as the category is very small). The difference shows the average coun-
terfactual effect (ACE). All effects are demeaned at the school-track-years level. For each
aggregated test score comparison, Panel B shows the variation in the Gini coefficient.
For each simulation, 500 random draws are conducted, and reported standard errors
are bootstrapped.

Table 4.4: Comparison of randomized and counterfactual manipulated allocation

Results for the CACE. It is also possible to know more about the “losers” and “win-
ners” of clustering students of given characteristics in one classroom. We look at the
variations in predicted aggregate test scores for each type of student (as defined by the
major five types, even though we could look at more granular types). Figures 4.13, 4.15,
and 4.17 present the gains and losses for students of all categories when one older stu-
dent (Figure 4.13a.), when one student with SEN (Figure 4.13b.), when one nonnative
student (Figure 4.15a.), when one female student (Figure 4.15b.), and when one gifted
student (Figure 4.17) per classroom are removed from their classrooms and clustered
in one classroom. Bars in the graphs represent differences in group test score averages
under the different counterfactual regimes for each particular type of students .

What happens when we cluster students of a given type into one classroom?
For all negative peer effects (peer effects from nonnative students, older students with
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(a)

(b)

Notes: This figure displays the conditional average counterfactual effects (CACE) of
classroom allocation manipulation for the types of older and SEN. Each bar repre-
sent the difference in group test score averages under the different counterfactual
regimes for each particular type of students. The color indicates the classroom: “in
mixed classrooms” is the CACE for students kept in the mixed classrooms, whereas
“in classroom with cluster” is the CACE for students who are in the left-out class-
room with the cluster of marginally segregated students. Confidence intervals of
95% are obtained by bootstrapping (see main text).

Figure 4.13: CACE: clustering of older peers and peers with SEN
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(a)

(b)

Notes: This figure displays the conditional average counterfactual effects (CACE) of
classroom allocation manipulation for the types of nonnative and female. Each bar
represent the difference in group test score averages under the different counter-
factual regimes for each particular type of students. The color indicates the class-
room: “in mixed classrooms” is the CACE for students kept in the mixed class-
rooms, whereas “in classroom with cluster” is the CACE for students who are in
the left-out classroom with the cluster of marginally segregated students. Confi-
dence intervals of 95% are obtained by bootstrapping (see main text).

Figure 4.15: CACE: clustering of nonnative and female students



4.5 Policy Counterfactuals 129

SEN, and nonnative students), results follow the same pattern. Everyone in the class-
room that contains the cluster is found to be harmed by the marginal increase in segre-
gation (blue bars in the graph), and this negative impact is always larger than the gains
for those who are kept in classrooms without clusters (red bars in the graphs). For in-
stance, in Figure 4.13a, we see that all students, but especially male students, nonnative
students, and students with SEN suffer when allocated to a classroom with a cluster
of older students. However, all the other students in classrooms where one older stu-
dent was removed are benefiting from the reallocation. In the case of the segregation
of older peers, the average losses of nonnative students in clustered classrooms are as
high as five times the average gains for those who happen to stay in the other class-
rooms. As we saw with the ACE, clustering nonnative students is, according to our
results, the only classroom manipulation that has no negative impact (the blue bars are
as large as the red ones for the subpopulations of native and nonnative students). The
CACE helps us understand why: nonnative students on average benefit from being
clustered in classrooms, while the natives kept in the classrooms without clusters are
only slightly harmed.

Interestingly, the creation of gender clusters generates positive outcomes for stu-
dents in the classroom with a cluster of female students. However, the gains for these
students are balanced out by the losses for the other students who have more male
peers in their classrooms. From a society perspective, gender-mixed education is the
best solution in terms of maximizing aggregated test scores. These findings corrobo-
rate natural experiments exploiting segregation along gender in schools and in tertiary
education (e.g., Pregaldini, Backes-Gellner, and Eisenkopf, 2020; Eisenkopf et al., 2015).
The only category of students that does not benefit as much from gender-homogeneous
environments are nonnative students. This is even more visible when we simulate full
gender segregation in the appendix. We can only provide speculative interpretation of
this: nonnative students in Switzerland mostly come from male-dominated cultures.
Gender segregation might exacerbate male-dominated competitive behaviors.

Finally, clustering gifted students (Figure 4.17) generates positive peer effects for
students in the classroom with a cluster of gifted students. Students who benefit the
most from being in the classroom with a cluster of gifted students are male students,
normal-age students, students without SEN, and native students. They benefit of a
“boost” in predicted test scores of around 2.75 percentage points on average. These
results are in line with the findings of Balestra, Sallin, and Wolter (forthcoming), es-
pecially in the fact that low-achieving students (older students) do not react at all to
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Notes: This figure displays the conditional average counterfactual effects (CACE) of segregation for the gifted
type. Each bar represent the difference in group test score averages under the different counterfactual
regimes for each particular type of students. The color indicates the classroom: “in mixed classrooms” is
the CACE for students kept in the mixed classrooms, whereas “in classroom with cluster” is the CACE
for students who are in the left-out classroom with the cluster of marginally segregated gifted students.
Confidence intervals of 95% are obtained by bootstrapping (see main text).

Figure 4.17: CACE: clustering of gifted students

a reallocation of gifted students. This framework also allows us to measure the effect
of clustering gifted students on gifted students themselves: as the population of iden-
tified gifted students is very small, the effects of reallocating gifted students are zero
and imprecisely estimated for gifted students.

What are the main conclusions of this counterfactual exercise? First of all, all
our results strongly suggest that attempts at making classroom more homogeneous in
terms of types is not a good idea to improve aggregated test scores. Already “minimal”
policies such as removing one student of a given type per classroom have negative im-
pacts on the academic performance of the whole. This holds when we incorporate
nonlinearities and full heterogeneity in effects. Even though clustering has a positive
impact on students in classrooms where peers with negative influence are removed,
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this positive impact does not, on average, exceed the harm done on the students as-
signed to the classroom with cluster. Second, we show that inclusion (i.e. having
classrooms that are mixed in types) decreases overall inequality. If we think of educa-
tion as a public good, and the main mission of public schooling is to give anyone equal
chances, having classrooms that are as heterogeneous in types as the population seems
to be a good step in this direction.

These simulations are valuable as they give us a sense of the forces at play in
classrooms from an aggregated perspective. Although inclusion and segregation are
widely debated in schools, we show that classrooms that are balanced in terms of stu-
dents’ characteristics are Pareto-efficient, and we are not able to identify other allo-
cation schemes that would be Pareto-improving. Of course, our conclusions hinge
on four limiting assumptions. First, we have so far ignored group size effects. Sec-
ond, we have not considered interactions of types (as in our stable selection exercise),
which could refine our understanding of which population of students suffer the most
from clustering. Third, we give each student a similar welfare weight in the objective
function. If, for instance, schooling would be shown to have higher returns for gifted
students, we might want to give them a higher weight. This is an ethical debate we are
not willing to address in this study. Finally, we are only measuring test scores, and are
ignorant about other outcomes that are influenced by classroom composition (such as
psychological well-being, stress, etc.)

4.6 Conclusion

This study gives a more realistic understanding of peer effects among students,
and integrates two limitations that were not sufficiently taken into account by the ex-
isting literature. First, peer effects have heterogeneous impacts on individuals with
different characteristics. Second, there are at least as many peer effects as there are
types of students. To account for these two elements in our analysis, we build on the
assumption that “true” peer effects are nonlinear and high-dimensional, and we de-
velop a general empirical approach that systematically considers nonlinearities and
high-dimensionality of spillover functions using ML algorithms. More precisely, this
study aims at discovering which peer effects influence academic performance the most,
at learning about the way peer effects and individual characteristics interact, and fi-
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nally at providing policy makers and school administrators with insights into (opti-
mal) classroom compositions.

We run stable selection procedures to discover what are the peer effects and other
effects that influence students’ test scores the most. We find that students’ own char-
acteristics are the most important predictors of their academic success, rather than stu-
dents’ peers. Our results also reveal that substantial heterogeneity hides between main
effects, and that selected peer effects are dominated by the effect from peers with spe-
cial needs and from low-achieving peers. In a subsequent step, we design a flexible
estimation procedure, and we find interesting heterogeneities in effects. Most impor-
tantly, we find that effects generated from older students, students with SEN, and non-
native students, are downward sloping and not constant in the share of peers within
classrooms. Finally, we simulate the marginal segregation of students into classroom
clusters in order to empirically investigate deviations from full inclusive school setups.
Marginally increasing segregation has different impacts depending on which students
are marginally segregated. For instance, our simulations show that creating clusters of
students with SEN, a population of students traditionally segregated, has a significant
negative impact on the aggregated school performance.

This study is a first step towards a more nuanced comprehension of peer effects
in inclusive educational settings using new estimation techniques. Our main policy
message is that even small manipulations in the classroom allocation of students have
important consequences on students’ academic performance. Classroom allocations
that “spread” students of all types across classrooms as much as possible, and doing so
“distribute” the peers who generate positive spillovers, are found to be the allocations
with highest aggregate school performance. Finally, while broadening our understand-
ing of how to best serve students in inclusive school settings through meaningful and
policy-relevant simulation exercises, this study invites for further research and more
complete policy analysis regarding the influence of teachers and school resources.
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masterpiece”?

In his discussion of inclusive schooling, Haug (2017) argues that inclusive school-
ing was motivated solely on normative premises: the decision to implement inclusion
was “value- and ideology-driven”, a pure “rhetorical masterpiece”. The arguments in
favor of inclusion derived from the belief that a single school environment would bet-
ter foster equal rights and equal opportunities. Inclusion was not thought as a policy
whose efficiency can be measured and evaluated with empirical tools.85 In that re-
gard, one of the main challenges of the implementation of inclusive policies that Haug
(2017) identifies in his theoretical discussion of inclusion is that inclusive policies have
not been sufficiently and thoroughly empirically evaluated.

The three chapters of this thesis show that, indeed, inclusion is a policy that can be
empirically evaluated. Moreover, these chapters incorporate the reality that inclusion
is multi-faceted, and that it affects all students, not only students who would be other-
wise segregated. Chapter 2 investigates special education programs for students with
SEN in inclusive educational settings. It shows that inclusive programs are effective at
generating academic success and labor market integration for students with SEN: re-
turns to SpEd programs in inclusive settings (counseling and individual therapies) are
positive for academic performance, and inclusion pays off in terms of academic per-
formance, labor market participation and earnings in comparison to semi-segregation.
Even though inclusion is better for (almost) all students with SEN, semi-segregation
is almost as good as inclusion for SEN students who exhibit disruptive tendencies.
Finally, simulations show that by mainstreaming most (if not all) students with SEN
who would have been assigned to semi-segregation, we can reach higher academic
and labor-market returns at lower costs.

Chapter 3 sheds light on the relevance of gifted students and their heterogeneous
spillovers effects in the inclusive classroom. Our results show that, while male stu-
dents benefit from the presence of gifted peers in all subjects regardless of gender, fe-

85In Haug (2017)’s own words: “I refer to inclusion as a masterpiece of rhetoric, easy to accept and
difficult to be against or even criticize. This illustrates that inclusion is strongly value- and ideology-
driven, in the same category as other similar concepts such as democracy and social justice.”
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male students benefit primarily from the presence of gifted female students. Moreover,
exposure to gifted students is found to have powerful, lasting effects on career choices
and post-compulsory education. Thus, gifted students are influential in fostering em-
ulation and positively impacting the academic achievement and the career choices of
their peers. They are therefore fundamental forces in the inclusive classroom produc-
tion function which should not be ignored when assessing inclusive schooling as a
policy, especially when considering whether gifted students should be segregated into
more “elite” schools or pull-out programs.

Chapter 4 deploys new estimation techniques to more closely understand what
happens in the mainstream classroom. The main insights of this chapter show that not
all peer effects are equally important in the education production function. Moreover,
we simulate the marginal segregation of students into clusters in one particular class-
room in order to empirically investigate deviations from full inclusive school setups.
Marginally increasing segregation has different impacts depending on which students
are segregated. Classroom allocations that “spread” students of all types across class-
rooms and that “distribute” the peers that generate positive spillovers as much as pos-
sible are found to be the allocations with highest aggregate school performance. For
instance, our simulations show that creating clusters of students with SEN, a popu-
lation of students traditionally segregated, has a significant negative impact on the
aggregated school performance.

Although many aspects of inclusive schooling are investigated in this thesis,
some aspects would benefit from further research. In particular, the role of teachers
and school resources in successfully implementing inclusive measures needs to be
further investigated. Inclusion varies substantially in the way it is implemented,
and empirical evidence on how teachers contribute to successful inclusive measures
is lacking. Furthermore, promoters of inclusion argue that inclusion has beneficial
effects not only on school performance and long-term human capital formation, but
also on the well-being and altruism of all students. These claims need to be scrutinized
empirically.

All in all, this thesis supports the empirical conclusion that inclusion works, and
is beneficial on average and to most students in terms of academic performance and
labor market outcomes. Shedding light on different angles of inclusive education, it
adds empirical substance to this “rhetorical masterpiece”. By building an empirical
case that integrates different perspectives about inclusive education, the conclusions
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of each chapter should cumulatively convey, in Hume’s own words, the “confidence”
and “universal assent” necessary to claim that inclusion might become an “empirical
masterpiece” as well.
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A| Appendix: Chapter 2

A.1 Appendix: Using text to adjust for confounding

The purpose of using computational text analysis methods and Natural Lan-
guage Processing (NLP) in this paper is for confounding adjustment in the estimation
of returns to SE programs. It secondarily serves as an interesting pretreatment variable
to explore treatment heterogeneity.

Extracting information from raw text is difficult for two main reasons: first, text
is unstructured and high-dimensional, and, second, it includes latent features. To ac-
count for these two difficulties, text must be represented by an unknown g() function
that must be discovered in order to make text comparable and interpretable, as well
as compress its dimensionality to a lower dimensional space. The main trade-off in
discovering g() is to compress the high-dimensionality of text without losing its sub-
stantial meaning: marginally extracting more information from the text occurs at the
cost of increasing the dimensions of the covariate space, which leads to support and
computational problems. Traditionally, g() is discovered by human coders who extract
relevant dimensions of the text into a low-dimensional space (e.g., a series of indica-
tors). Recent machine-learning methods discover g() in an unsupervised manner (e.g.,
Blei, Ng, and Jordan (2003)).

This appendix presents in greater details the way I tackle these two difficulties
and how I prepare the written psychological records for the estimation of treatment
effects. It provides information on how I preprocessed the text, as well as how I imple-
ment the different methods. Summary statistics about the distribution of text statistics
across treatment states are also provided.

A.1.1 Text preprocessing

Most text analysis methods implemented in this study require the text to be pre-
processed — with the exception of word embeddings. For preprocessing, I strip the
text from words which have low information value (so-called “stopwords”, numbers,
and punctuation signs). Subsequently, I reduce the text to single words (“tokens”),
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and lemmatize them.(for more details, see Manning, Raghavan, and Schütze, 2008).
The lemmatization ensures that all tokens are reduced to their stems/roots without
inflectional endings. Finally, I represent the text into types, i.e. unique expressions of
tokens made out of onegrams (single tokens) and bigrams (two co-occuring tokens).
For instance, if the number of tokens in the following document “I ate an apple apple”
is 5, the number of one-gram types is 4, as the token “apple” is repeated. After prepro-
cessing, the psychological records per student contain on average 241 tokens and 137
types.

A.1.2 Text representations

Document term matrix (DTM) The simplest way of representing a text is to reduce
the text to its components (“tokens”) and, for each token, indicate its frequency of
appearance within each document in a “Document term matrix” (DTM). Thus, two
documents are identical (and comparable) if they use the same tokens with a simi-
lar frequency. The limitations of DTMs is that frequency matrices do not account for
the context in which tokens appear. Moreover, the dimensionality of DTMs quickly
explodes with the number of documents, making comparisons across documents dif-
ficult. This requires handling huge sparse matrices, which can be computationally
difficult.

To reduce the dimension of the DTM, I implement two methods: scaling and
bounding. For scaling, I weight the DTM either by term frequency tf, which sim-
ply weights terms according to their number of appearances in a document, or by
term-frequency-inverse document frequency (tf-idf ), which increases with the term fre-
quency of a word in a document and decreases with the number of documents in the
corpus that contains the word (thus highlighting words that carry a lot of information
about the document). Basically, very often used “stop words” have a very low tf-idf
score, and words that are highly specific to a document have high tf-idf scores.

To select terms that are general enough, I bound the number of terms by selecting
words that appear at least 350 times (min. term frequence) and in at least 150 docu-
ments (min doc. frequency) for tf. For tf-idf, I select very specific tokens, i.e. tf-idf score
bounded at the 99.9th percentile of all tf-idf scores. I provide a third measure with a
mixture of tf and tf-idf scores: I first select the most frequent tokens, and then weight
them by tf-idf, which ensures that only frequent words with high significance are se-
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Figure A.1: Most common tokens per treatment assignment
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lected. As an illustration, Figure A.1 and Figure A.2 display the 20 most frequent terms
per treatment assignment.

The criterion for the choice of scaling scheme and tuning parameters in the DTM
representation depends on the empirical problem at hand: I do not only want tokens
that are very predictive of treatment and outcome, but also tokens that are common
enough to serve the purpose of comparing documents. Thus, a very high tf-idf may
suit the purpose of prediction very well; however, scores in the middle range might
serve the purpose of comparison better.

Structural Topic Modeling (STM) and Topical Inverse Regression Matching (TIRM)
To mitigate the high-dimensionality and lack of word context in DTM, representa-
tions that discover latent features of the text are interesting ways of representing high-
dimensional text. I implement Structural Topic Models (STM) as proposed by Roberts,
Stewart, and Airoldi (2016) and Topical Inverse Regression Matching (TIRM) Roberts,
Stewart, and Nielsen (2020), which are a variant of the Latent Dirichlet Allocation topic
model (LDA, Blei, Ng, and Jordan (2003)). Succinctly, LDA and STM first sample
a topic from the distribution of tokens in a given document, and then sample each
observed token from the distribution of words given each topic. Unlike LDA, STM
allows for covariates to affect the proportion of a document attributed to a topic (“top-
ical prevalence”) and the distribution of tokens within a topic (“topical content”). STM
assumes that covariates influence the way tokens are distributed: it includes covariates
in the prior distribution of topics per documents (logistic normal distribution) and the
distribution of tokens per topic (multinomial logistic regression). In STM, the number
of topics is chosen ad-hoc, and topics are not directly interpretable.

The advantage of STM is that it reduces the text dimensionality into a finite num-
ber of topics, and offers a good comparison of documents, as documents that cover the
same topics at the same rates are represented as similar documents. In this applica-
tion, I estimate STM and define the number of topics k to either 10 or 80. I then use the
vector of k topic proportions (k × N) directly in the propensity score. Other variants
are possible, such as taking the k − x most important topics or the topics that explain
topical content the most (see, for instance, Mozer et al., 2020).

Topical Inverse Regression Matching (TIRM) is an interesting method that allows
to directly model the treatment assignment process from text. It builds on STM by
estimating an additional reduction, i.e. a document-level propensity score based on
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Topic Highest probability Most frequent and exclusive

1 sr, mutt, km, schulrat, les, pr, kiga, vgl, lehr,
pr

sr_lekt, vb, jug, u’ergebnis, iq_sed, gemein-
sam_auswertungsgespraech, trog-d, vgl_no-
tiz, proz, sht

2 iq, elt, ki, besprech, rechn, hawik, einschul,
notiz, ke, kl

untersuch_hawik, herrn, inform, besprech_-
u’ergebnis, auditiv_merkfaeh, psychodi-
agnost_gemeinsam, wwt, notiz_vgl, sek,
leistungs-_lernverhalt

3 lekt, gespraech, kv, elt, k-abc, iq, shs, mutt,
mutt, elt

untersuch_k-abc, bad_sond, beob, leg.-th,
dyskalkulie-therapi, wld_agd, einschulungs-
jahr, vgl, ke, pl

4 hawik, dr, math, abklaer, sed, sv, motor, ki,
schwierig, iq

lekt_vorlaeuf, beistand, z.h, abklaer_wun-
sch, forst, agd_vg, hpd, antragsschreib, li,
lernverhalt_aktuell

5 untersuch, spd, jedoch, mutt, sgd, vg, auf-
faell, vgl_notiz, mehr, gut

testsitz, km, semesterbericht, macht_mueh,
agd, shs, notiz, befind, lernverhalt

6 lehr, kjpd, sp, lehrerin, sed_sgd, wld, abklaer,
lehr, bess, cpm

rav_pr, moegl, dc-ther, les_langsam, kontex-
tklaer, hs_ds, vg_mutt, familia, cpm_rav

7 schulleist, weit, kl, vorgespraech, unsich,
agd, kg, abkl, wenig, kram

kkd, langhald, zz, wunsch_lehrerin,
k-abc_sed, interview, hs, legasthenie-
schlussbericht, diagnost_termin, wn

8 uebertritt, situation, noetig, therapi, mueh,
sv_wld, einverstand, austausch, termin, pl

schlussgespraech_sr, sond, thera, schulpsy-
cholog_abklaer, lektion_woechent, psy-
chodiagnost, vg_abkl, th, leistungs-

9 kram, sr, ilz, wunsch, sif, motti, fortschritt,
vg, gespraech, evtl

intelligenzstatus, bad, kle, kit, woechent,
sv_wld, ej, mutt_abkl, ngste, audi

10 elt, info, spd, problem, schwierig, wld_agd,
sed, gut, srp

sr_schlussbericht, time-out, z.h_sr, lrs-ther,
textverstaendnis, rt, spezial, antragsschreib_-
schulrat, thema, slp

Notes: This table represents the tokens occurring with the highest probability in each of the 10 topics, as
well as the tokens that are the most frequent and most exclusive in each topic. The method of topic ex-
traction is STM, and topics are not necessarily interpretable.

Table A.1: Topics from a STM on main sample

STM and the treatment status as a content covariate. This additional reduction is used
together with the STM topics to perform traditional matching. This method ensures
that matched documents are similar in their topics and within-topic treatment propen-
sity. In this study, I predict the TIRM sufficient prediction score for each treatment
status (similarly to the propensity score estimation). I then use the score as additional
covariate for the estimation of the nuisance parameter for the propensity score.

To give an example on how topic modeling can be used to remove confounding,
I extract an STM on 10 topics with the covariates presented in Table 2.1 as topic preva-
lence covariates. The topic content is presented in Table A.1 (in German) and the topic
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distribution across treatment states is shown in Figure A.3.86 Even though STM topics
are not always directly interpretable, Table A.1 shows interesting patterns. Topic 2,
for instance, seems to relate to the evaluation of learning disabilities with an IQ test
and the discussion of the results with parents, whereas topic 5 reports behavioral is-
sues and the discussion of school reports. Interestingly, topics highlight the fact that
parents are active in the process (see the occurrence of the tokens “mutt” and “elt”).
This is valuable information, as it allows me to account for parental influence in my
estimates.

When looking at whether topics are discriminatory in terms of treatment assign-
ment, all topics are represented in all treatments, but some seem to be more prevalent
in some treatments. For instance, topics 1 and 2 are more represented in children who
have been segregated in special classrooms, while topics 5 and 6 are more represented
in students sent to inclusion. Even though it could be interesting to find meaning in
topics, the true number of topics is never known, which makes topics sensitive to the
ad-hoc choice of k (Roberts, Stewart, and Airoldi, 2016). For this reason, I estimate STM
models with different k.

Word embedding with Word2Vec The word embedding representation estimates the
semantic proximity of words. The algorithm I use in this study is the Word2vec of
Mikolov et al. (2013), who propose a neural network architecture to represent words
in vectors as a function of their use and the words that most commonly co-occur with
them. I use the Word2Vec embedding with word vectors of length K=50, 100 (I also
tried with 200 and 500) based on text which is not preprocessed. For each embedding,
I compute a document-level vector of length K by taking the average of the numeric
vectors of all the words within a document (similar to Mozer et al. (2020)). The result is
an N × K matrix. Documents that are similar to each other in terms of words and their
context will therefore be similar on the K dimensions. Word embeddings are famous
for the word associations they can produce, and I give some illustrative examples in
Section A.1.2. For instance, the words that are the closest to “ADHD” and “dyslexia”
(literally, “spelling disorder”) are close in meaning to the two expressions. This method
is therefore a good way to capture conceptual proximity between words, and accounts
for the context of words.

86Note that this topic distribution is presented as an example. In the main analysis, it will slightly
differ because of the cross-fitting strategy. However, if data are randomly cross-validated, there must
be no big discrepancy between Table A.1 and the topics extracted in each fold (even though stm can
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Word Most similar Similarity
adhs ads 0.84
adhs adhd 0.76
adhs neuropsycholog 0.74
adhs pos 0.73
adhs autismus 0.73
adhs medizinische 0.71
adhs erhaertet 0.70
adhs mediz 0.70
adhs neurologische 0.70
adhs asperger 0.70

rechtschreibstoerung erschwerten 0.77
rechtschreibstoerung rezeptive 0.76
rechtschreibstoerung beeintraechtigung 0.75
rechtschreibstoerung auditiver 0.74
rechtschreibstoerung sprachstoerung 0.73
rechtschreibstoerung rechtschreibschwaeche 0.72
rechtschreibstoerung spracherwerbsstoerung 0.72
rechtschreibstoerung teilleistungsstaerung 0.71
rechtschreibstoerung rechtschreibschwierigkeiten 0.71
rechtschreibstoerung ausgepraegte 0.71

Table A.2: Word2Vec word similarities

Notes: Illustrative examples of word associations produced by word embeddings and Word2Vec in Ger-
man. “ADHS” is the German abbreviation for “ADHD”, and “rechtschreibstoerung” is the German
translation of “spelling disorder”.

Mapping mental diagnoses with ad-hoc dictionary approach The text representa-
tion that is the most directly interpretable and perhaps the most convincing in this
context is a dictionary approach that leverages independent mental health diagnoses.
I use an independent sample on children from the City of St. Gallen, which contains an
additional observed diagnosis variable given by the caseworker. I build a lexicon that,
for each of the 16 formal diagnoses assigned in the City sample, identifies the tokens
that are the most “key” in each diagnosis (namely, the “keywords” that are the most
exclusive, or predictive, of each diagnosis). There are many ways to define “keyness”,
and I propose a combination of different measures that are common in computational
linguistics.87 Namely, I first take the 40 most frequent tokens per diagnosis (based on
count frequency), then the 60 most frequent tokens weighted by tf-idf, the 40 tokens

slightly vary with changing samples).
87Keyness is the importance of a keyword within its context. To compute keyness, the frequency

of a keyword in a target category for the observed frequency of a word (one particular diagnosis) is
compared with its frequency in a reference category (the expected frequency, in all the other diagnoses).
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with the highest chi-squared keyness value, the 40 tokens with the highest likelihood
ratio G2 statistics and the 40 tokens with the highest pointwise mutual information
statistics. I then take the union of all tokens provided by each measure.88

To classify documents into diagnoses, I first map each document to the diag-
noses using the key tokens of each diagnosis extracted in the St. Gallen sample. I then
compute the share of diagnoses per document by dividing the frequency of tokens
assigned to a given diagnosis in a document by the total number of tokens per docu-
ment. I weight diagnoses such that the sum of each document’s diagnosis frequency
sums up to 1. As a result, I obtain a vector of length 16 with the predicted proportion
of diagnoses per document. In a second measure, I ensure that the most prominent di-
agnosis assigned to a document is discriminatory enough. I hot-encode the diagnosis
if the proportion of the given diagnosis is 1.5 standard deviations above the mean of
diagnosis frequency within the document.

The dictionary/keyword approach maps documents into clinically meaningful
concepts by using natural language which is almost exactly similar to the language
used by therapists in the Canton of St. Gallen. Therefore, it is the closest to what a
human coder would do if she had to classify the caseworkers’ comments. Moreover,
contrary to STM and word embeddings, it is supervised. Since therapists from the City
and therapists from the Canton work in the same environment, under the same rules,
and use the same lexicon, texts are very similar.

Distribution of diagnoses across treatment status is presented in Figure A.4. It
is interesting to notice that individual therapies, inclusion and semi-segregation share
a roughly similar population of students, namely students diagnosed with problems
related to school performance. Inclusion has a relatively higher share of students with
learning disabilities, while semi-segregation has a higher share of students with behav-
ioral problems. In contrast, hard segregation is particularly targeted to students with
more severe disabilities, such as motor problems, and students with parental educa-
tional deficit. As I can expect, students not given any treatment display a more equal
share of all diagnoses.89

88Alternatively, this purely frequency analysis could be done by training a classifier on text tokens.
89A similar descriptive picture holds when I use 1 standard deviations above the mean to classify

diagnoses.
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Weighted term frequency

Weighted term frequency per treatment (tf−idf)

Notes: This figure represents the 20 most frequent terms (tokens) weighted
by tf-idf per treatment assignment. Text is preprocessed via lemmatization.
Source: SPS.

Figure A.2: Most frequent weighted tokens per treatment assignment
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Notes: The prevalence of each STM topic per treatment assignment is represented. I compute
the mean prevalence of each of the 10 topics per treatment category. Topic prevalence in STM
is given by the main covariates. Source: SPS.

Figure A.3: Prevalence of STM topics per treatment assignment
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Notes: The main 15 diagnoses extracted from an independent dataset are represented (the
diagnosis “foreign language” is not displayed here). Diagnosis are extracted from the data of
the City of St. Gallen Source: SPS.

Figure A.4: Average diagnosis per treatment assignment
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A.2 Appendix: Robustness and sensitivity checks

A.2.1 Overlap: ATO and alternative trimming schemes

The problem of overlap is especially exacerbated in settings with many treat-
ments. It becomes even more important with a high-dimensional, highly predictive,
covariate space (see D’Amour et al., 2021). In such settings, overlap is difficult to ob-
tain, which induces bias and extreme variability of ATEs estimates. To ensure overlap
and remove extreme weights, I check the robustness of my results by estimating the
Average Treatment Effect on Overlap (ATO), and by using different trimming rules.

Average treatment effect on the population of Overlap (ATO) If students with SEN
differ greatly across programs and overlap is poor, it might be relevant from a pol-
icy perspective to look at pairwise treatment effects for the population which is the
most similar in terms of covariates across multiple treatments. I estimate overlap-
weighted average treatment effects (Li, Morgan, and Zaslavsky, 2018; Li and Li, 2019),
i.e. average treatment effects on the population of propensity score overlap ATOd,d′ =

Eoverlap[Yd
i − Yd′

i ]. The ATO estimand is the following:

ATOd,d′ = Eoverlap[Γh(d, Xi)− Γh(d′, Xi)], h(x) =
D

∑
k=1

(
1

pk(x)
)−1 (A.1)

The ATO score gives the most relative weight to the covariate regions in which none of
the propensities are close to zero. It is the product of the IPW and the harmonic mean
of the generalized propensity scores. Beyond focusing on an interesting population,
the advantage of using the ATO is that it mitigates problems of extreme propensity
scores in the ATE computation. The ATO score is not doubly-robust, and is sensitive
to potential misspecifications in the propensity score.90

Results for the ATO are presented for each pairwise treatment effect in Figure A.1,
and they are compared to the ATE and the ATET. The point estimates of the ATO are, in
most cases, quite similar to the ATE point estimates, which indicates that there is good

90Since the weight is a function of the propensity score, it is not consistent if the propensity score is
misspecified. However, as pointed out by Li and Li (2019), outcome regression may still increase the
efficiency of the weighting estimator. I estimated the variance of the ATO the same way I estimated
the variance of the ATE and the ATET. For more information, see Li and Li (2019) and the R-Package
psweight.
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(c) Probability of using DI (d) Work income (standardized)

(a) SW8 test results (standardized) (b) Probability of being unemployed
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Notes: This figure depicts pairwise treatment effects for Special Education programs in St. Gallen. Each
pair compares interventions that are the closest in degree of severity and inclusion. Each pairwise treat-
ment effect is the effect of being assigned to the first program in comparison to the second program on
one of the four outcomes presented in the panel headers. The treatment effect on the whole population
(ATE), on the population of the treated (ATET), and on the population of overlap (ATO) (see Li and Li,
2019) are presented. “Ind. therapy” is the abbreviation for individual therapies, “Acad. support” for
academic support, “segr” for segregation, and “no SpEd” for receiving no program. Nuisance parame-
ters are estimated using an ensemble learner that includes text representations presented in the “data”
section. 95% confidence intervals are represented and are based on one sample t − test for the ATE and
the ATET. Test results and wages are standardized with mean 0 and standard deviation 1. Source: SPS.

Figure A.1: Pairwise treatment effects with ATO estimates

overlap in the overall population. This suggests that my ATE results do not suffer from
lack of overlap.
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Trimming The idea of trimming is to remove observations with weights h(x) in
Equation (2.1) below a certain threshold, such that h(x) = 1(x ∈ C) with C denoting
the target subpopulation defined by a threshold of the propensity score distribution
α. Each trimming rule slightly shifts the population of interest C. In other words, the
more conservative the trimming rule, the more homogeneous the population across
treatment states.

To define the trimming schemes and trimming thresholds α, I explore different
options. Following the adaptation of trimming schemes for the multi-treatment case
in Yoshida et al. (2019), I trim, in a first setting, observations with all propensity scores
below a certain threshold of the propensity score (see Crump et al., 2009). This ref-
erenced under “absolute trimming” with α = {0.001, 0.005, 0.01}. In a second set-
ting, the “asymmetrical trimming”, I trim treated observations with their correspond-
ing propensity score within a chosen quantile of each propensity score (“asymmetrical
trimming”, see Stürmer et al. (2010)). I use α = {0.01, 0.033, 0.05, 0.1} for the 1st., 3.3th,
5th and 10th quantiles. Results are presented in Figure A.2: the majority of results dis-
cussed in Section 2.4 persist across different trimming schemes. The interpretation of
effect variation under different trimming rules must however be done with caution, as
each trimming rule “shifts” the population of interest.

A.2.2 Handling text as covariate

In this section, I check that my results do not depend heavily on the way I re-
trieve information from the text. First, I investigate the sensitivity of my estimates to
the inclusion of text covariates. Second, I explore the problem of “text-induced endo-
geneity”, which might arise if the text representation captures the psychologist’s biases
(towards a certain treatment or a certain writing style) rather than information on the
student.

Sensitivity to text covariates To investigate the sensitivity of my results to the inclu-
sion of text covariates, I compute all my results using only nontext covariates. I then
show how much the estimates based on text vary with respect to estimates obtained
without controlling for text. This exercise gives me an approximate indication on how
much confounding I can remove by using the text.
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(c) Probability of using DI (d) Work income (standardized)

(a) SW8 test results (standardized) (b) Probability of being unemployed
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Notes: This figure depicts relevant pairwise treatment effects for Special Education programs in St.
Gallen at different trimming levels. Absolute trimming of Crump et al. (2009) and asymmetrical trim-
ming of Stürmer et al. (2010) are represented at different trimming thresholds. Each pairwise treatment
effect is the effect of being assigned to the first program in comparison to the second program on one of
the four outcomes presented in the column headers. Both the treatment effect on the whole population
(ATE) and on the population of the treated (ATET) are presented. “Ind. therapy” is the abbreviation for
individual therapies, “Acad. support” for academic support, “segr.” for segregation and “no SpEd” for
receiving no program. Nuisance parameters are estimated using an ensemble learner that includes text
representations presented in the “data” section. 95% confidence intervals are represented and are based
on one sample t − test for the ATE and the ATET. Source: SPS.

Figure A.2: Pairwise treatment effects with different trimming rules

Figure A.3 gives the variation in effect between the specification with text covari-
ates and the specification without text. On the y axis, the ATE with text covariates
is represented for each outcome and pairwise treatment effect investigated in this pa-
per. The x axis gives the difference between the ATE estimated with text covariates
and the ATE estimated without text covariates in percent of the ATE estimated with-
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Notes: This figures gives the effect variation between the specification with text covariates and the
specification without text. On the y axis, the ATE with text covariates is represented for each outcome
and pairwise treatment effect investigated in this paper. The x axis gives the difference between the
ATE estimated with text covariates and the ATE estimated without text covariates in percent of the ATE
estimated without text covariates.

Figure A.3: Effect comparison with specification without text covariates

out text covariates. On average, I find that estimates based on both covariates and
text information are 29% smaller than estimates that do not leverage the text informa-
tion. Interestingly, differences between estimates with text and estimates without text
are particularly pronounced for comparisons with the “No SpEd” intervention, which
suggests that there is valuable confounding information contained in the text for this
particular population of students.

Text-induced endogeneity It is inherent to the discovery of latent features in text data
that some dimensions (latent or not) of text might be exogenous to the child’s charac-
teristics but influencing treatment assignment. An example is if a given psychologist is
biased towards a particular treatment, and that this psychologist always writes using
a similar set of words-tokens, then the information retrieved from test will capture the
psychologist’s biases together with the information on the student.
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To tackle this problem, I conduct two analyses. In the first analysis, I explore
whether the text reflects the psychologist’s writing style. I program a classifier to pre-
dict from the text the psychologist who wrote the report. If the classifier is not able
to capture the psychologists’ writing styles, the risk of including unwanted exogenous
variation in my estimates is minimized. Running a random forest classifier to predict
the caseworker, my best measure of text (frequency weighted term frequency matrix)
has a prediction error of 40%, meaning that 40% of all psychologists are misclassified.
However, this measure goes as low as 59% for word embeddings with 100 features
and 73% for stm with 80 topics. In conclude that the psychologists do not influence the
distribution of text covariates in a systematic manner.

In the second analysis, I systematically remove, for each psychologist, the most
frequently and uniquely used tokens (I compute the "keyness" score across psycholo-
gists using different measures such as the chi-squared measure, likelihood ratio and
point-wise mutual information). Thus, words that are too predictive of a given psy-
chologists do not influence the estimates. I then compute my main text measures on
this reduced set of features. The intuition of this procedure is somewhat similar in
spirit to including psychologists’ fixed effects in the regression. Results are similar to
the main results presented (figures available on request).

A.2.3 Selective Attrition

Potential selective attrition in the measured outcomes could undermine the va-
lidity of the results insofar as outcomes are not observed for all individuals. For test
scores, I explicitly modeled selection into test taking and presented results above. To
tackle the problem of selective attrition, I further narrow the sample to individuals
for which I observe all outcomes (N = 8993). Estimates are presented in Figure A.4.
Results are in line with main results.

A.2.4 Exogenous placement into inclusive vs. semi-segregated Spe-

cial Education programs

I turn my attention to remaining potentially unaddressed selection in the estima-
tion of the causal effect of inclusion vs. semi-segregation. I leverage residual unex-
plained variation in the probability to assign students to inclusion using instrumental
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(c) Probability of using DI (d) Work income (standardized)

(a) SW8 test results (standardized) (b) Probability of being unemployed
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Treatment effects for SE programs: cohorts in both samples

Figure A.4: Pairwise treatment effects for cohorts observed in all outcomes

This figure depicts relevant pairwise treatment effects for Special Education programs in St. Gallen.
Each pairwise treatment effect is the effect of being assigned to the first program in comparison to the
second program on one of the four outcomes presented in the column headers. Both the treatment
effect on the whole population (ATE) and on the population of the treated (ATET) are presented. “Ind.
therapy” is the abbreviation for individual therapies, “Acad. support” for academic support, “segr.”
for segregation and “no SpEd” for receiving no program. Nuisance parameters are estimated using
an ensemble learner that includes text representations presented in the “data” section. 95% confidence
intervals are represented and are based on one sample t − test for the ATE and the ATET. Source: SPS.

variables in the spirit of “judge-design” studies (see, e.g., Maestas, Mullen, and Strand,
2013). The main source of exogenous variation in the assignment of students to SpEd
education programs and to inclusion instead of semi-segregation is the variation in the
probability to assign students with SEN to inclusion across schools within years. This
variation is shown in Figure 2.2. Some variation remains even when years fixed effects
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are introduced, and more importantly, when school-year characteristics are accounted
for. Characteristics include reasons for referral, main characteristics, IQ, and whether
parents decided to send the child to the SPS. School characteristics include the percent-
age of nonnative students, the percentage of students with SEN, the socio-economic
index, the school size, and the expenditures per student.

I measure variations in the probability to assign students with SEN to inclusion
across schools within years as the school-year deviations in assignment to inclusion
from the mean inclusion assignment rate at the year level. This variation gives how
much individual schools differ in the probability to assign inclusion from all the other
schools within a year. I exploit treatment assignment deviations from mean rates of
assignment to inclusive treatment as a instruments for assignment to inclusion. Pref-
erences at the school level for inclusive treatment increase the likelihood that students
with SEN will be sent to inclusive SpEd, especially for students with moderate difficul-
ties. The key assumption that underlies my approach is that the assignment of students
with SEN to a school-year is uncorrelated with unobserved characteristics (such as SEN
severity) conditional on observed characteristics. As pointed out by Maestas, Mullen,
and Strand (2013), this amounts to an assumption of conditional random assignment
to school-year within a year.

One potential threat to this assumption is that students could select into schools.
However, my rich information on school characteristics and the referral process allows
me to control for this. Moreover, a careful reading of ministry reports in St. Gallen
(for instance, the Nachtrag zum Volkschulgesetz 2013) and school documents show that
schools’ preferences in terms of inclusion and segregation do not, for the most case,
follow a predictable pattern. Moreover, the diagnosis and treatment assignment are
done in a centralized manner by independent psychologists, and they are not influ-
enced by financial constraints at the school level. Finally, it is documented that student
mobility between school is rare in the canton of St. Gallen. Families must move to
another municipality if they want to change school (or enroll their students in private
schools) (Balestra, Eugster, and Liebert, forthcoming, 2020; Balestra, Sallin, and Wolter,
forthcoming).

In Table A.1, I present first-stage estimates and add covariates sequentially to the
regression in order to indirectly test for random assignment within year on the basis
of observable characteristics. The idea is that only covariates that are correlated with
the deviation will affect the estimated coefficient on the deviation when included. The
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Probability to be assigned to inclusion

(I) (II) (III) (IV) (V)

Coefficient on raw variation 0.89∗∗∗ 0.87∗∗∗ 0.82∗∗∗ 0.83∗∗∗ 0.78∗∗∗

(within year across schools)
Coefficient on raw variation 0.76∗∗∗ 0.76∗∗∗ 0.76∗∗∗ 0.76∗∗∗ 0.75∗∗∗

(within year across schools)

Coefficient on raw variation 0.44∗∗∗ 0.48∗∗∗ 0.45∗∗∗ 0.44∗∗∗ 0.45∗∗∗

(within school across years)
Coefficient on adjusted variation 0.37∗∗∗ 0.38∗∗∗ 0.39∗∗∗ 0.39∗∗∗ 0.40∗∗∗

(within school across years)

Control variables included
Students’ characteristics X X X X
IQ score X X X
Reasons for referral X X
School characteristics per year X

Notes: First stage regression of the schools preferences for inclusion on the assign-
ment to inclusion. All regressions include schools fixed effects for the regressions
within schools, and year fixed effects for the regressions within years. Number of
observations: 2932 for raw variation and 2497 for adjusted variation. ∗p < 0.1;
∗∗p < 0.05; ∗∗∗p < 0.001. Source: SPS

Table A.1: First-Stage Regressions: Effect of preference for inclusion on assignment to inclusion

coefficient on the variation is not significantly affected by the addition of variables,
not even by the addition of school-year characteristics such as socio-economic status
of the school or by the IQ score. This is the case both when the raw and the adjusted
variation is considered. Thus, these results show that the measured variations are not
correlated with student or school characteristics, and thus the preference for inclusion
depends on schools’ preferences. Note that, since, in a multiple treatment setting, a
sound IV approach requires one instrument per treatment (see Kirkeboen, Leuven,
and Mogstad, 2016), I focus only on SN students having received either inclusion (ex-
cluding individual therapies) or semi-segregation and restrict my dataset accordingly.
This also ensures that I measure the effect for a homogeneous population of students
with SN (students who have issues such that they would either assigned to inclusion or
semi-segregation). However, the first stage estimates hold also when the whole sample
is considered.

I estimate (Conditional) Local Average Treatment Effects of being assigned to in-
clusion rather than segregation on test scores using unexplained variation in the deci-
sion to implement inclusion by school within years or by year within school. Similar to
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Notes: This figure shows LATE estimates of the effect of inclusion for academic
performance and unemployment probability for students either in inclusive or seg-
regated settings. The estimates are found with 2SLS, and covariates include student
and school characteristics. 95% confidence intervals are represented. Both the effect
for the adjusted and the raw deviations in the first stage are represented.

Figure A.5: LATE for inclusion vs. semi-segregation

Maestas, Mullen, and Strand (2013), I estimate 2SLS with and without covariates, both
using the raw and the adjusted variation. I do not use text information in this case.
Results are presented in Figure A.5. LATE estimates show that semi-segregation has a
negative impact on students’ academic performance. The impact of semi-segregation
is around -0.45 standard deviations of test score in comparison to inclusion, and it is
of 10 percentage points on the probability to be unemployed. The fact that the test
score estimates are substantially lower than the ATE estimates is mostly due to the
fact that the populations of interest are not exactly the same: ATEs measure the effect
for the whole population of students with SEN, whereas the LATE measures the effect
on compliers, i.e. students who would have been assigned to semi-segregation if the
school did not have a “preference” for inclusion.
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In conclusion, this IV exercise allowed me to exploit some existing exogenous
variation in treatment assignment across schools within years to estimate treatment
effects. It is, however, not the panacea. First, potential difficulties with the monotonic-
ity might persist when more than two treatments exist. Even though I restricted my
analysis to the subsample of students observed in inclusion and semi-segregation, the
instrument could still move some students to other available treatments. Second, even
though I observe many characteristics about schools, the (almost unsolvable) issue of
not being able to observe the actual teaching behaviors and teaching styles of both the
main teachers and the SpEd teachers at the school level still leaves the black box open.
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A.3 Appendix: Supplementary Material

Therapy German Treatment group

Inclusive special education (ISF) Integrierte Schülerförderung (ISF), Inclusion
Schulische Heilpädagogik

Special (small) classes Kleinklasse Semi-segregation

Speech therapy Logotherapie Individual therapy
Psychomotor therapy Psychomotoriktherapie Individual therapy
Dyslexia therapy Legasthenie (Lese- und Rechtschreibstörung) Individual therapy
Dyscalculia therapy Dyskalkulietherapie Individual therapy
Rhythm therapy (Dalcroze eurhythmics) Rhythmik Individual therapy

Tutoring, language tutoring Hilfe Academic support

Counseling Psychologische Hilfe, Beratung Counseling

Table A.1: List of available therapies from the Cantonal offer

Source: “Sonderpädagogikkonzept für die Regelschule” from the Ministry of Education, 18.3.2015, re-
trieved on the official website of the Ministry of Education of St. Gallen, https://www.sg.ch/bildung-
sport/volksschule/rahmenbedingungen/rechtliche-grundlagen/konzepte.html.



176

Data restrictions Number of observations

Full sample of students in contact with SPS 28584
- Trim cohorts (1982 to 2003) and missing birthdates -972
- Native language non-imputable -1288
- Treatment not in cantonal offer -8612
- Treatment not identified -478

TOTAL 17822
IQ not computed 4801

Table A.2: Attrition analysis
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Counselling Academic support Individual therapy Inclusive special ed. Semi-segregation Full segregation No therapy
(ISF) (but sent to SPS)

N (N = 17, 822) 1,450 1,381 7,997 2,705 1,690 1,603 996

A: Individual characteristics
Female 0.34 0.50 0.40 0.46 0.43 0.30 0.38
Foreign language 0.08 0.15 0.09 0.11 0.28 0.14 0.20
IQ 101.47 (13.08) 94.24 (10.54) 98.26 (10.58) 92.94 (9.41) 86.17 (8.96) 87.01 (14.99) 93.63 (11.25)
IQ measured 0.62 0.73 0.74 0.80 0.78 0.67 0.61
Birth year 1994.43 (4.53) 1993.86 (4.25) 1995.14 (4.33) 1996.68 (3.73) 1993.61 (3.64) 1995.80 (4.31) 1999.18 (3.41)
Age at first interview 9.12 (285) 9.47 (2.29) 8.69 (1.96) 8.75 (2.03) 9.11 (2.50) 7.19 (2.63) 6.24 (0.60)
Had bridge year 0.08 0.08 0.08 0.07 0.13 0.08 1.00
Reasons: other 0.04 0.03 0.03 0.02 0.06 0.10 0.10
Reasons: social and emotional problems 0.48 0.19 0.15 0.18 0.22 0.28 0.24
Reasons: performance and learning problems 0.68 0.91 0.92 0.94 0.88 0.78 0.87
Reasons: problems with teachers or school 0.06 0.02 0.01 0.05 0.02 0.04 0.03
Reasons: not specified 0.03 0.01 0.01 0.00 0.01 0.02 0.00
Referred by: Caseworker 0.00 0.01 0.04 0.02 0.01 0.05 0.01
Referred by: Other 0.04 0.02 0.02 0.01 0.03 0.07 0.02
Referred by: Parents 0.15 0.06 0.05 0.04 0.02 0.06 0.03
Referred by: Parents and teacher 0.62 0.66 0.71 0.64 0.61 0.53 0.58
Referred by: Teacher 0.19 0.25 0.18 0.28 0.33 0.29 0.36
Total number of SPS visits 10.69 (8.08) 8.77 (5.94) 9.10 (6.18) 10.27 (7.72) 13.58 (9.25) 19.62 (14.79) 6.14 (3.93)
Regional office: Ro 0.12 0.22 0.15 0.04 0.15 0.14 0.15
Regional office: Go 0.09 0.07 0.13 0.02 0.12 0.12 0.04
Regional office: Wi 0.15 0.12 0.18 0.12 0.25 0.13 0.12
Regional office: Wa 0.22 0.10 0.12 0.17 0.07 0.19 0.11
Regional office: Ra 0.12 0.09 0.07 0.38 0.06 0.20 0.13
Regional office: Sa 0.23 0.16 0.18 0.20 0.18 0.15 0.20
Regional office: Re 0.07 0.24 0.17 0.06 0.18 0.08 0.25
School: percent nonnatives 0.22 (0.10) 0.21 (0.10) 0.22 (0.10) 0.20 (0.09) 0.26 (0.10) 0.22 (0.11) 0.24 (0.10)
School: percent SEN students 0.18 (0.10) 0.18 (0.09) 0.18 (0.10) 0.18 (0.11) 0.18 (0.10) 0.18 (0.11) 0.19 (0.11)
School: social index 0.98 (0.07) 0.98 (0.07) 0.98 (0.07) 0.95 (0.06) 1.01 (0.07) 0.98 (0.07) 0.99 (0.07)
School: total number of students 176.37 (158.92) 151.55 (123.93) 161.58 (133.71) 174.97 (194.00) 211.08 (161.88) 173.50 (150.32) 165.58 (139.30)
School: expenditures per student (2017) -0.01 (0.95) 0.06 (1.05) -0.05 (0.97) 0.28 (1.03) -0.23 (0.88) 0.03 (1.10) 0.01 (1.05)
School: urban 0.48 (0.50) 0.43 (0.50) 0.45 (0.50) 0.37 (0.48) 0.60 (0.49) 0.47 (0.50) 0.44 (0.50)

B: Sample attrition
In a SW8 cohort 0.72 0.67 0.75 0.89 0.69 0.82 0.99
In AHV data 0.73 0.76 0.70 0.58 0.81 0.64 0.33
In both SW8 and AHV data 0.47 0.46 0.46 0.47 0.53 0.47 0.32

C: Outcomes
SW8 Test taken (in SW8 cohort) 0.74 0.81 0.82 0.86 0.80 0.41 0.63
SW8 Math and German (std) 0.57 (1.05) -0.09 (0.86) 0.24 (0.88) -0.24 (0.85) -1.12 (0.92) -0.20 (1.12) 0.17 (0.95)
Used disability insurance 0.06 0.05 0.03 0.04 0.11 0.38 0.07
Used unemployment insurance 0.24 0.32 0.19 0.19 0.39 0.25 0.19
Last registered yearly wage (std., SSA cohort) -0.09 (1.03) -0.06 (0.96) 0.15 (0.97) 0.12 (0.98) -0.16 (1.00) -0.57 (0.95) -0.15 (0.95)

Table A.3: Summary statistics per treatment group

Summary statistics for the population of students referred to the SPS in the Canton of St. Gallen. The names of Regional offices are abbreviated for confidentiality purposes. The sample is composed of SN students
from the Canton of St. Gallen having visited the SPS between 1998 and 2010 and being born between 1982 and 2003. Mean per treatment groups are reported, and standard deviations are reported in parentheses for
continuous variables. Source: SPS
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Female 0.17 0.33 0.13 0.26 0.19 0.08 0.09 0.20 0.08 0.14 0.41 0.24 0.12 0.05 0.21 0.04 0.07 0.34 0.16 0.27 0.09 0.17
Foreign language 0.23 0.23 0.04 0.11 0.53 0.19 0.37 0.19 0.12 0.30 0.04 0.14 0.07 0.49 0.15 0.33 0.42 0.07 0.25 0.35 0.17 0.18
IQ 0.58 0.61 0.27 0.75 1.37 1.03 0.64 0.38 0.13 0.82 0.56 0.06 0.53 1.23 0.87 0.42 0.74 0.47 0.07 0.07 0.73 0.50
IQ measured 0.20 0.24 0.27 0.40 0.36 0.10 0.01 0.03 0.16 0.12 0.14 0.25 0.12 0.09 0.17 0.29 0.03 0.30 0.41 0.26 0.38 0.11
Birth year 0.58 0.13 0.16 0.54 0.20 0.31 1.19 0.30 0.71 0.06 0.45 1.38 0.38 0.38 0.15 1.04 0.83 0.22 0.70 0.55 1.58 0.87
Age at first interview 0.67 0.13 0.18 0.15 0.01 0.71 1.40 0.36 0.33 0.15 0.92 1.92 0.03 0.19 0.65 1.69 0.16 0.66 1.67 0.75 1.57 0.49
Had bridge year 1.36 0.02 0.01 0.05 0.16 0.00 4.64 0.01 0.04 0.18 0.02 4.79 0.04 0.17 0.01 4.71 0.21 0.06 5.11 0.16 3.59 4.61
Reasons: other 0.16 0.07 0.08 0.12 0.06 0.22 0.20 0.01 0.05 0.13 0.29 0.27 0.04 0.13 0.29 0.27 0.17 0.33 0.31 0.17 0.15 0.02
Reasons: social and emotional problems 0.27 0.64 0.75 0.66 0.57 0.43 0.51 0.11 0.02 0.06 0.20 0.12 0.09 0.17 0.31 0.23 0.09 0.22 0.15 0.13 0.06 0.07
Reasons: performance and learning problems 0.30 0.59 0.64 0.71 0.50 0.22 0.46 0.04 0.13 0.09 0.37 0.14 0.08 0.14 0.41 0.18 0.22 0.49 0.26 0.27 0.04 0.23
Reasons: problems with teachers or school 0.11 0.20 0.22 0.01 0.17 0.07 0.15 0.03 0.19 0.03 0.13 0.05 0.22 0.06 0.16 0.08 0.17 0.06 0.15 0.11 0.02 0.09
Reasons: not specified 0.11 0.10 0.11 0.22 0.11 0.07 0.23 0.01 0.14 0.01 0.03 0.16 0.14 0.00 0.04 0.15 0.14 0.17 0.04 0.04 0.15 0.18
Referred by: Caseworker 0.14 0.06 0.25 0.16 0.06 0.29 0.03 0.20 0.11 0.01 0.25 0.03 0.10 0.20 0.06 0.23 0.11 0.15 0.14 0.26 0.03 0.28
Referred by: Other 0.09 0.09 0.07 0.14 0.11 0.09 0.10 0.02 0.05 0.03 0.17 0.01 0.08 0.05 0.15 0.03 0.03 0.22 0.04 0.20 0.01 0.18
Referred by: Parents 0.17 0.32 0.37 0.40 0.46 0.29 0.42 0.05 0.09 0.15 0.03 0.10 0.04 0.11 0.08 0.06 0.07 0.12 0.02 0.19 0.05 0.14
Referred by: Parents and teacher 0.13 0.08 0.18 0.04 0.01 0.16 0.08 0.10 0.04 0.08 0.24 0.16 0.14 0.19 0.35 0.26 0.05 0.20 0.12 0.16 0.07 0.08
Referred by: Teacher 0.18 0.16 0.01 0.22 0.33 0.25 0.38 0.18 0.06 0.16 0.09 0.22 0.24 0.34 0.26 0.40 0.10 0.02 0.16 0.08 0.06 0.13
Referred by: NA 0.10 0.02 0.11 0.11 0.04 0.12 0.04 0.09 0.09 0.06 0.14 0.02 0.00 0.14 0.21 0.07 0.14 0.22 0.07 0.09 0.08 0.16
Total number of SPS visits 0.55 0.27 0.22 0.05 0.33 0.75 0.72 0.06 0.22 0.62 0.96 0.52 0.17 0.57 0.93 0.57 0.39 0.79 0.68 0.49 1.05 1.25
Regional office: Ro 0.17 0.26 0.07 0.30 0.07 0.06 0.07 0.19 0.55 0.19 0.20 0.19 0.37 0.00 0.01 0.00 0.37 0.36 0.37 0.01 0.01 0.02
Regional office: Go 0.19 0.05 0.13 0.28 0.11 0.09 0.19 0.19 0.23 0.16 0.14 0.13 0.40 0.02 0.04 0.31 0.38 0.36 0.10 0.02 0.29 0.27
Regional office: Wi 0.14 0.09 0.09 0.08 0.25 0.06 0.07 0.19 0.01 0.34 0.04 0.02 0.17 0.16 0.15 0.16 0.33 0.02 0.01 0.30 0.32 0.01
Regional office: Wa 0.19 0.34 0.26 0.12 0.43 0.09 0.30 0.09 0.22 0.09 0.26 0.04 0.14 0.18 0.17 0.05 0.31 0.03 0.18 0.35 0.13 0.22
Regional office: Ra 0.32 0.07 0.14 0.65 0.19 0.23 0.05 0.07 0.72 0.12 0.30 0.13 0.79 0.05 0.37 0.20 0.84 0.42 0.60 0.42 0.24 0.18
Regional office: Sa 0.08 0.17 0.13 0.09 0.14 0.21 0.08 0.04 0.09 0.03 0.04 0.09 0.05 0.00 0.08 0.05 0.05 0.13 0.00 0.07 0.06 0.13
Regional office: Re 0.27 0.46 0.29 0.04 0.32 0.03 0.49 0.18 0.50 0.15 0.44 0.02 0.33 0.03 0.26 0.20 0.36 0.07 0.53 0.29 0.17 0.46
In a SW8 cohort 0.39 0.11 0.07 0.43 0.07 0.24 0.83 0.18 0.54 0.04 0.35 0.94 0.35 0.14 0.17 0.76 0.49 0.18 0.44 0.31 0.89 0.60
In AHV data 0.40 0.06 0.08 0.33 0.19 0.21 0.89 0.14 0.39 0.13 0.27 0.97 0.25 0.27 0.13 0.80 0.53 0.12 0.53 0.40 1.13 0.65
In both SW8 and AHV data 0.13 0.03 0.02 0.00 0.12 0.01 0.32 0.01 0.03 0.14 0.02 0.30 0.02 0.14 0.01 0.30 0.12 0.01 0.32 0.13 0.45 0.32
SW8 Test taken (in SW8 cohort) 0.39 0.17 0.19 0.30 0.14 0.70 0.22 0.02 0.13 0.03 0.89 0.39 0.11 0.05 0.92 0.42 0.16 1.05 0.53 0.86 0.36 0.46
SW8 Math and German (std) 0.64 0.68 0.34 0.85 1.71 0.71 0.40 0.38 0.18 1.15 0.11 0.28 0.56 1.52 0.44 0.08 0.99 0.04 0.46 0.90 1.38 0.35
Used disability insurance 0.34 0.02 0.12 0.10 0.19 0.84 0.05 0.10 0.08 0.21 0.86 0.07 0.02 0.31 0.94 0.17 0.29 0.93 0.15 0.65 0.15 0.80
Used unemployment insurance 0.20 0.18 0.12 0.13 0.33 0.01 0.12 0.30 0.31 0.15 0.17 0.30 0.01 0.45 0.13 0.00 0.46 0.14 0.01 0.32 0.45 0.13
Income (std.) 0.16 0.01 0.05 0.07 0.10 0.32 0.09 0.07 0.08 0.10 0.34 0.09 0.02 0.17 0.41 0.16 0.18 0.40 0.17 0.26 0.00 0.24

Table A.4: Summary statistics: SMD comparison

Standardized mean differences (SMD) across SE programs. For two SE programs w and w′, SMDs are computed as x̄w−x̄w′√
s2
w+s2

w′
2

, where x̄w is the mean of

the covariate in treatment group w and s2
w is the sample variance of covariate in treatment group w. A SMD above 0.2 is considered as an important

difference across groups. “Acad. support” is academic support, ISF is inclusion, Semi-segr. is semi-segregation. Source: SPS



179Figure A.1: Overlap of school characteristics for schools with inclusion and for schools with semi-segregation

Notes: This figure represents the distribution of schools with inclusion and of schools with semi-segregation along main school characteristics.
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Notes: This figure shows the distribution of age and grade at registration to the School Psychological
Service. The “Preschool” category groups three years of Kindergarten, which explains why it appears
to be the largest category. The number of children who have been registered at the SPS (assigned and
non-assigned to a particular therapy) is represented. Source: SPS.

Figure A.2: Distribution of age and grade at registration
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(e) Probability of taking the SW8 test

Counselling
 − No SpEd

Acad. support
 − No SpEd

Ind. therapy
 − Acad. support

Inclusion
 − Ind. therapy

Semi−segr.
 − Inclusion

Full segr.
 − Semi−segr.

−0.3

−0.2

−0.1

0.0

0.1

Estimand ATE ATET

Notes: This figure depicts relevant pairwise treatment effects for Special Education programs in St.
Gallen. Each pairwise treatment effect is the effect of being assigned to the first program in comparison
to the second program on one of the four outcomes presented in the panel headers. Both the treatment
effect on the whole population (ATE) and on the population of the treated (ATET) are presented. “Ind.
therapy” is the abbreviation for individual therapies, “Acad. support” for academic support, and “no
SpEd” for receiving no program, “Semi-segr.” for semi-segregation (segregation in small classes), and
“Full segr.” for full segregation (in special schools). Nuisance parameters are estimated using an ensem-
ble learner that includes text representations presented in the “data” section. 95% confidence intervals
are represented and are based on one sample t − test for the ATE and the ATET. Source: SPS.

Figure A.3: Pairwise treatment effects for probability of taking the SW8 test
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(a) Schools: share of foreign students (b) Schools: share of SEN students

(c) Schools: total number of students (d) Schools: “SES score”

Notes: Continuous Conditional Average Treatment Effects in academic performance for inclusion vs. semi-segregation
are depicted. The CATEs show how much the ATE would change at different levels of school characteristics (on the x
axis).

Figure A.4: Academic performance: continuous CATE for school characteristics
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(a) Schools: share of foreign students (b) Schools: share of SEN students

(c) Schools: total number of students (d) Schools: “SES score”

Notes: Continuous Conditional Average Treatment Effects in the probability to be unemployed for inclusion vs. semi-
segregation are depicted. The CATEs show how much the ATE would change at different levels of school characteristics
(on the x axis).

Figure A.6: Probability of unemployment: continuous CATE for school characteristics
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(a) Depth 2, baseline (b) Depth 3, baseline

(c) Depth 2, baseline + diagnosis (d) Depth 3, baseline + diagnosis

Notes: Decision trees for optimal policy allocations of depth 2 and 3 are depicted. “Baseline” means that
only baseline students’ characteristics are included, and “baseline + diagnosis” includes both baseline
characteristics and diagnosis characteristics extracted from psychological records with the dictionary
approach. The IQ variable IQ* is the interaction between the IQ score and the indicator whether an IQ
score has been taken.

Figure A.8: Optimal policy trees for test scores
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(a) Depth 2, baseline (b) Depth 3, baseline

(c) Depth 2, baseline + diagnosis (d) Depth 3, baseline + diagnosis

Notes: Decision trees for optimal policy allocations of depth 2 and 3 are depicted. “Baseline” means that
only baseline students’ characteristics are included, and “baseline + diagnosis” includes both baseline
characteristics and diagnosis characteristics extracted from psychological records with the dictionary
approach. The IQ variable is the interaction between the IQ score and the indicator whether an IQ score
has been taken.

Figure A.10: Optimal policy trees for probability to be employed
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Notes: This graph depicts the spillover functions for the effect of the presence of students with SEN
on the test scores of their peers with and without SEN in inclusive classrooms. All effects follow the
identification strategy and results by Balestra, Eugster, and Liebert (forthcoming). Flexible spillover
functions are estimated with an ensemble learner similar to the estimation procedure used in this paper.
Clustered cross-validation procedures at the classroom level are implemented. 95% confidence intervals
are represented.

Figure A.12: Classroom spillover effects of students with SEN on their peers without SEN.
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Observations

Raw data 33,657
Segregated special schools − 706
Missing/implausible covariates − 15
Missing/implausible test scores − 249
Missing/implausible class size − 922

Final sample 31,765
Gifted students − 578

Estimation sample 31,187

Notes: Data are from the School Psychological Service St.
Gallen and the Stellwerk test service provider.

Table A.1: Construction of the sample
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(1) (2) (3) (4) (5) (6)
Composite Math Language Composite Math Language
test score test score test score test score test score test score

Proportion of gifted classmates 1.141*** 0.975*** 1.000*** 1.368*** 1.271*** 1.093***
(0.243) (0.242) (0.228) (0.291) (0.292) (0.285)
[0.057] [0.049] [0.050] [0.068] [0.064] [0.055]

Female -0.181*** -0.354*** 0.046*** -0.173*** -0.343*** 0.049***
(0.015) (0.014) (0.014) (0.016) (0.016) (0.016)

Proportion * Female -0.444 -0.580* -0.183
(0.315) (0.330) (0.319)

Individual characteristics Yes Yes Yes Yes Yes Yes
Classroom characteristics Yes Yes Yes Yes Yes Yes
School-by-year FE Yes Yes Yes Yes Yes Yes
Observations 31,187 31,187 31,187 31,187 31,187 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in parentheses, are clustered at the class-
room level. The marginal effect of adding one gifted peer to a class of 20 is shown in brackets, and is defined as
the coefficient divided by 20. Individual characteristics include gender, native German speaker, and age at test.
Classroom characteristics include class size, share of females, share of native German speakers, and average
age at test. Data are from the School Psychological Service St. Gallen and the Stellwerk test service provider.

Table A.3: Sensitivity to the specification of the treatment variable
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(1) (2) (3) (4) (5) (6)
Composite Math Language Composite Math Language
test score test score test score test score test score test score

Exposure to gifted classmates 0.088*** 0.065*** 0.088*** 0.107*** 0.090*** 0.095***
(0.023) (0.023) (0.020) (0.025) (0.026) (0.024)

Female -0.200*** -0.368*** 0.028** -0.190*** -0.355*** 0.032**
(0.012) (0.013) (0.012) (0.014) (0.014) (0.014)

Exposure * Female -0.037 -0.049* -0.014
(0.026) (0.027) (0.026)

Individual characteristics Yes Yes Yes Yes Yes Yes
Classroom characteristics Yes Yes Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 31,187 31,187 31,187 31,187 31,187 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in parentheses, are clustered at the
classroom level. Individual characteristics include gender, native German speaker, and age at test. Classroom
characteristics include class size, share of females, share of native German speakers, and average age at test.
Data are from the School Psychological Service St. Gallen and the Stellwerk test service provider.

Table A.4: Within-teacher identification
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(1) (2) (3) (4)
Composite Composite Composite Composite
test score test score test score test score

Exposure to gifted classmates 0.081*** 0.078* 0.053* 0.086***
(0.024) (0.046) (0.030) (0.026)

Relative young -0.133***
(0.023)

(Exposure to gifted classmates)* 0.038
(Relative young) (0.026)

Native speaker 0.401***
(0.025)

(Exposure to gifted classmates)* 0.019
(Native speaker) (0.043)

Small class -0.019
(0.048)

(Exposure to gifted classmates)* 0.112**
(Small class) (0.047)

Student-teacher same gender -0.009
(0.014)

(Exposure to gifted classmates)* 0.018
(Student-teacher same gender) (0.027)

Individual characteristics Yes Yes Yes Yes
Classroom characteristics Yes Yes Yes Yes
School-by-year FE Yes Yes Yes Yes
Observations 31,187 31,187 31,187 31,187

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors, shown in parentheses, are clus-
tered at the classroom level. Individual characteristics include gender, native German speaker, and
age at test. Classroom characteristics include class size, share of females, share of native German
speakers, and average age at test. Data are from the School Psychological Service St. Gallen and
the Stellwerk test service provider.

Table A.5: Heterogeneity analysis: relative age, native speaker, class size, and teacher’s gender
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Figure A.1: Distribution of class size and gifted classmates
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Figure A.2: Distribution of outcome ranks of gifted children in their classroom
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Notes: Data are from the School Psychological Service St. Gallen and the Stellwerk
test service provider.

Figure A.3: Prevalence of gifted students by municipality
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Figure A.4: Per-student spending by exposure to gifted classmates
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Figure A.5: Social index by exposure to gifted classmates
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Figure A.6: Sensitivity to the IQ threshold for classifying a student as gifted
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Figure A.7: Spillovers by school subjects
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Figure A.8: Quantile treatment effect of exposure to gifted classmates for female students and
male students
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Figure A.9: Quantile treatment effect of exposure to gifted students with and without other
concurring diagnosis
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Figure A.10: Distribution of test scores for gifted children with and without emotional or be-
havioral disorders
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C.1 Appendix: Supplementary Material

Notes: This graph shows the actual and the randomized (simulated) distribution of the proportion of
peers of a given type within school-tracks. An observation is a cohort. We randomly draw observations
at the school-track level 500 times with replacement and compare the randomly sampled distribution of
student types with the distribution we observe in the data.

Figure A.1: Balancing check for cohort identification
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Notes: This graph shows the actual and the randomized (simulated) distribution of the proportion of
peers of a given type within school-track-years. An observation is a classroom. We randomly draw
observations at the school-track-year level 500 times with replacement and compare the randomly sam-
pled distribution of student types with the distribution we observe in the data.

Figure A.2: Balancing check for classroom identification
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C.2 Appendix: Stable selection with interactions of degree 2

As presented in Figures B.1 and B.2, 13 variables are selected at the cohort level,
and 19 at the classroom level. Among the variables selected at the cohort level, only
four variables are peer effects: the effect of older peers, and the effect of peers with
SEN. These two peer effects are heterogeneous: older peers have different effects on
nonnative and native students, and the effects of older peers and of peers with SEN
have an interacted effect, meaning that the effect of older peers changes as a function
of the proportion of peers with SEN in the cohort. This is a case of strong hierarchy:
the interaction effects are selected together with their main effects. The other variables
selected are all types or interactions between types, which is a first indication that our
five main types hide substantial heterogeneity.

At the classroom level, the five main types are selected (although the SEN status
is only marginally selected). The first dominating peer effects are spillovers from peers
with SEN. The algorithm selects, in 100% of cases, peer effects from students with SEN
on other students with SEN, and peer effects from students with SEN on nonnatives.
However, and surprisingly, the main effect of peers with SEN is not selected: this in-
teresting case of weak hierarchy means that the main effect of classmates with SEN
is not part of the “true” model. Thus, the stable selection algorithm gives us a more
refined understanding of peer effects from students with SEN, who affect mostly their
nonnative classmates and their classmates with SEN. The second dominating effects
in the classroom are effects from older peers (see also Bietenbeck, 2020): older peers
have a negative impact on their peers, and this impact is interacted with the classroom
size and with the effect of female peers. Finally, some variables are interacted with
the classroom size: the effect of peers with SEN, the effect of older peers, and the own
SEN status. The influence of classroom size for students who are more likely to fall
behind is anything but surprising: their academic success is more likely to depend on
the availability of teaching resources and individual teacher attention.
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Notes: the left panel of this graph reports the probability for a variable to be selected. The learning
algorithm is stable selection with hierarchical group lasso on 200 folds of size n/2. Selected variables
are variable selected with a probability higher than 0.75 (dashed line). The × indicates interactions, the
term “peers” indicate peer effects, and the term “size” is the size of the cell (either classroom or cohort).
The right panel displays the OLS coefficients and their 95% confidence intervals only for the variable
selected. More details on how coefficients are computed can be found in Section 4.3.3. Effect sizes and
confidence intervals are presented for information only and must be interpreted with caution.

Figure B.1: Stability selection and effect size at the cohort level with interactions of level 2
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Notes: the left panel of this graph reports the probability for a variable to be selected. The learning
algorithm is stable selection with hierarchical group lasso on 200 folds of size n/2. Selected variables
are variable selected with a probability higher than 0.75 (dashed line). The × indicates interactions, the
term “peers” indicate peer effects, and the term “size” is the size of the cell (either classroom or cohort).
The right panel displays the OLS coefficients and their 95% confidence intervals only for the variable
selected. More details on how coefficients are computed can be found in Section 4.3.3. Effect sizes and
confidence intervals are presented for information only and must be interpreted with caution.

Figure B.2: Stability selection and effect size at the classroom level with interactions of level 2
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C.3 Appendix: Counterfactual analysis with full segregation

In this part, we are interested in the ACE and CACE of full segregation. We pro-
ceed as follows: we randomly draw a pool of 100 students out of the main sample (our
“school”), and we randomly create 5 classrooms of 20 students each. In a second step,
we create counterfactual classrooms: we put all students with a particular type (e.g.,
all students with SEN) in segregated classrooms, and we assign the other students ran-
domly to the other classrooms. If a segregated classroom is not filled, we fill the rest of
the classroom seats to random students. For instance, if there are 30 students with SEN
in our school, we fill the first segregated classroom entirely with students with SEN,
and the second classroom is filled with 10 students with SEN and 10 students without
SEN. For each student and for both settings, we generate the LoO at the classroom
level along the five main characteristics. To obtain the individual predicted values, we
match our randomly drawn observations with their nearest neighbors in the original
sample. We do this exercise for 100 random drawn, and for each of the M predicted
values. We compute bootstrapped confidence intervals (as we have, for each random
sample draw, M predicted values).

Results for the ACE Results for the ACE are presented in Table A.1. The picture is
clear: segregating older peers and peers with SEN has a clear negative impact on the
overall aggregated academic performance. However, we find that the segregation of
nonnative students as well as the segregation of female students do not have any aggre-
gate welfare consequences. All segregated settings slightly reduce the Gini coefficient,
which means that, as expected, segregation increases inequality.

Results for the CACE We look at the variations in predicted aggregate test scores
for each type of student. Figure B.3 and Figure B.5 present the gains and losses for
students of all categories when older students (Figure B.3a.), when students with SEN
(Figure B.3b.), when nonnative students (Figure B.5a.), and when female students (Fig-
ure B.5b.) are segregated. These are group test score averages under the different
counterfactual regimes.
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ACE

A: Variation in aggregated test score

Segregation dimension:
Older peers 0.014 -0.031 -0.045∗∗∗

Peers with special needs 0.010 -0.103 -0.114∗∗∗

Nonnative peers 0.011 0.002 -0.001∗∗∗

Female peers 0.016 0.010 -0.006 ∗∗∗

B: Corresponding Gini coefficients

Segregation dimension:
Older peers 0.230 0.213 -0.017∗∗∗

Peers with special needs 0.223 0.265 0.041∗∗∗

Nonnative peers 0.225 0.190 -0.036∗∗∗

Female peers 0.230 0.187 -0.043 ∗∗∗

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.001

Table A.1: Comparison of randomized and counterfactual segregated allocation

This table shows the predicted average test score under both the segregated and random allocation
regimes. The segregation dimensions are the main types (except gifted students, as the category is very
small). The difference shows the average counterfactual effect (ACE). All effects are demeaned at the level
of randomization (school-track for cohorts, school-track-years for classrooms). For each aggregated test
score comparison, Panel B shows the variation in the Gini coefficient. For each simulation, 500 random
draws are conducted, and standard errors are bootstrapped.



(a)

(b)
Notes: This figure displays the conditional average counterfactual effects (CACE) of segregation along
the types of older and SEN. “Mainstreaming” means random allocation to classrooms. The green
and the purple bars show the own effect, and the red and blue bars show the effects for the other
types. Confidence intervals of 95% are obtained by bootstrapping (see main text).

Figure B.3: CACE: older peers and peers with SEN are segregated



(a)

(b)
Notes: This figure displays the conditional average counterfactual effects (CACE) of segregation along
the types of nonnative and gender. “Mainstreaming” means random allocation to classrooms. The
green and the purple bars show the own effect, and the red and blue bars show the effects for the
other types. Confidence intervals of 95% are obtained by bootstrapping (see main text).

Figure B.5: CACE: nonnative and female students are segregated



212

What happens when we segregate students based on their characteristics? For
all settings but the setting in which female students are segregated, results follow the
same pattern. Everyone in the segregated group is found to be harmed by segregation
(blue bars), and this negative impact is always larger than the gains for those who
are kept in mixed classes (red bars). Also, the group segregated is usually harmed by
segregation (purple bars) in comparison to when they are mainstreamed (green bars).
For instance, in Figure B.3a, we see that older male students are the ones suffering the
most from segregation by age. In the case of the segregation of older peers, the losses
are as high as five times the gains for the mainstreamed group.

Interestingly, segregation along gender generates positive outcomes for segre-
gated female students. However, the gains for female students are almost exactly bal-
anced out by the losses for male students. From a society perspective, mixed education
is therefore the best solution, at least when the allocation of resources is kept fixed.
These findings corroborate natural experiments exploiting segregation along gender
in schools and in tertiary education (e.g., Pregaldini, Backes-Gellner, and Eisenkopf,
2020; Eisenkopf et al., 2015). The only category of students who suffers from gender-
segregated environments are nonnative male students. We can only provide specula-
tive interpretation of this: nonnative students in Switzerland mostly come from male-
dominated cultures. Gender segregation might exacerbate male-dominated competi-
tive behaviors, in which nonnative students are disadvantaged. What is also striking
is the fact that the category of female students who would benefit the most from gen-
der segregated classrooms are gifted female students. This might reflect mechanisms
described in the literature about gender differences in competitive behaviors (Niederle
and Vesterlund, 2010).

What are the main conclusions of this counterfactual exercise? First of all, all our
results strongly suggest that segregation is not a good idea to improve aggregated test
scores. This holds even when we incorporate nonlinearities and full heterogeneity in
effects. Obviously, segregation is shown to have a positive impact on mainstreamed
students, and the strongest improvements in the welfare gains of mainstreamed stu-
dents happen when we segregate peers with SEN. Second, we show that mainstream-
ing decreases overall inequality. If we think of education as a public good, and the main
mission of public schooling is to give anyone equal chances. Mainstreaming seems to
be a good step in this direction. The potential drawbacks of our approach is that, for
now, we have ignored group size effects. Moreover, we are aware that segregated
classrooms would probably receive additional teacher resources. Thus, our simula-
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tion provides lower bounds on the effect of segregation, assuming that resources are
constant. But even in this respect, our study is interesting, because we can show, for
instance, that a school principal interested in improving the performance of students
with SEN, would have to invest resources such that segregated students with SEN
would improve their score by 0.4 standard deviations (average losses of students with
SEN in segregation minus the gains of mainstreamed students). In front of such high
costs, inclusion seems to be the cheapest option.
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