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Abstract
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1 Introduction

Following the UN Convention on the Rights of the Child in 1989 and the UNESCO Salamanca Statement in
1994, countries worldwide have adopted more inclusive education practices for students with special needs.
Special needs (SN) refer to the requirement of assistance for medical, mental, or psychological disabilities.
In the United States, the Individuals with Disabilities Education Act (IDEA) mandates that students with
special educational needs have the legal right to be educated in the least restrictive environment. The practice
of mainstreaming, i.e., schooling SN students in regular classrooms among students without SN, is also
pervasive in Europe, where the enrollment rate in mainstream education is approximately 97% (European
Agency for Special Needs and Inclusive Education, 2018; European Commission, 2017).!

Despite the policy trend towards inclusive education, little is known about how inclusion affects the
achievement of students and their long-run outcomes (Lindsay, 2007). While advocates of inclusion claim
that all students have the right to be educated in regular schools, opponents argue that inclusive education
may adversely affect students without special needs. These diverging perspectives have made inclusion
one of the major topics in education policy for the last 20 years, raising debates on whether SN students
should be mainstreamed and, if so, how classroom composition should be performed (Ainscow and César,
2006). Given the public good nature of classroom education production, understanding whether differences
in classroom composition generate negative externalities becomes crucial. If negative externalities exist it
becomes a key policy question to know whether teacher training, per pupil spending or different ability
grouping is able to compensate for these externalities.

In this paper we first investigate how exposure to special needs students affects achievement, subse-
quent educational choices, and labor market outcomes. To answer this research question we compile a novel
data set containing administrative health records, student test scores, and educational transitions as well as

labor market outcomes from social security data in Switzerland. These data allow us document the direct,

IThroughout the paper, we use the terms mainstreaming, inclusive education, and inclusion interchangeably.



delayed, and long run externalities generated by the inclusion of special needs students. For identifica-
tion, we exploit variation in classroom composition arising from within-school quasi-random assignment
to classes when students transition from primary school to secondary school. Secondary schools are orga-
nized separately from primary schools and classes remain unchanged within each level but are reshuffled
when transitioning between levels. For equity reasons and to avoid stigma, special needs information is not
shared between primary and secondary schools. This implies that SN students can be neither identified nor
assigned to specific classrooms or teachers in secondary school and that class composition is quasi-random
in this respect. We test this assumption using balancing tests and simulations, and the results indicate that
assignment of SN students to classes is random. The Swiss setting provides us with a unique opportunity
to study the impact of special needs peers because of randomness in class assignment, but actually special
education classification rates and programs are very similar to those in other European countries and the
U.S.

The results show that having higher proportions of SN students in a class creates negative achievement
externalities at the end of compulsory schooling. One additional SN student in a class of 20 reduces test
scores by 2.5% of a standard deviation. There is substantial effect heterogeneity. The negative externalities
are driven primarily by students with severe special needs, and the largest negative externalities are found
among students at the lower end of the achievement distribution and special needs students themselves.
Threshold effects are also relevant, because we find that negative spillovers occur only after SN students
exceed 15-20% of students in a classroom.

Exposure to SN peers has lasting effects. Lower educational achievement perpetuates as a reduced
propensity to pursue post-compulsory education and, ultimately, lower income upon labor market entry.
Having higher proportions of SN peers in secondary school decreases the probability of enrolling in one of
the two post-compulsory education tracks available in Switzerland (the vocational track and the academic

track). While we observe no peer effect on the choice between vocational or academic, we find that within



the vocational track, students with comparatively more SN peers are less likely to enter the high-quality
vocational program.? The peer effect is still detectable in the labor market, two to eight years after exposure
to classmates with special needs. A higher share of SN peers causes a reduction in earnings at ages 17-25,
but this effect is relatively small in size. For example, one additional special needs student in a class of 20
during secondary school causes a 0.6% decrease in earnings (180 USD per year).

Second, given these empirical results, we analyze the implications of reallocation policies and consider
the scope for government intervention to potentially reduce negative spillovers. Using Graham’s (2011)
technique to analyze optimal assignment, we find that despite its negative spillovers, mainstreaming clearly
dominates an alternative education policy of segregation. This result is driven by the fact that under segre-
gation, negative externalities for special needs students are not compensated by the gains from reallocation
for students without special needs. The optimal assignment rule implies that special needs students should
be allocated evenly across classes. Having found that inclusive education is optimal for maximizing average
achievement, we further examine the role of teachers and education spending as moderating factors. We
find that good teachers — in a value-added sense — are able to mitigate negative spillovers, implying that
reducing classroom spillovers is possible and that teachers might play an important role in such reduction.
In contrast, higher per student spending does not have a substantial influence on the size of the peer effect
parameter.

The present study is the first comprehensive evaluation of the effect of mainstreaming in education
over the life of young adults. We evaluate the impact of inclusive education on educational achievement,
post-compulsory education and career choices, labor market participation and wages. We thereby con-
tribute to two strands of literature, namely the empirical literature on peer effects in classroom education
production and the literature on inclusive education. Several studies evaluate the immediate impact of po-

tentially disruptive students on their peer group’s educational outcomes (e.g., Carrell and Hoekstra, 2010;

2Switzerland has two quality types of vocational education, characterized by their different duration, curricula contents, and ex-
pected pay.



Carrell, Hoekstra, and Kuka, 2018; Figlio, 2007; Kristoffersen et al., 2015; Neidell and Waldfogel, 2010).
These studies typically proxy for disruptiveness by considering parents’ income and criminal background,
students’ gender, or similar approximate measures. They find detrimental effects of potentially disruptive
students on peers’ achievement. More generally, other papers on peer effects in education have established
a negative relationship between peer quality and educational achievement (e.g., Bietenbeck, forthcoming;
Burke and Sass, 2013; Feld and Zolitz, 2017; Sacerdote, 2001).

In contrast, the few studies focusing on students with special needs present a much less clear picture.
While Fletcher (2010) and Kristoffersen et al. (2015) find that students with severe emotional problems neg-
atively affect their peers’ academic achievement, other papers in economics and education report no signifi-
cant externalities from including students with disabilities (Friesen, Hickey, and Krauth, 2010; Kalambouka
et al., 2007; Ruijs, 2017). Some studies suggest that disabled students may even improve the academic
achievement of their peers (Ruijs and Peetsma, 2009). For example, Hanushek, Kain, and Rivkin (2002)
present findings that students with a larger share of grade mates who receive special education have higher
achievement gains than other individuals.

We extend previous findings in several dimensions. First, by using special needs examination records,
we focus on a student group of specific policy relevance that is easily identified by school administrators,
relying on neither imprecise proxies of peer quality or disruptiveness nor retrospective surveys. Second, the
variation in classroom composition in combination with health examination records allows us to examine
effect heterogeneity in unprecedented detail. Diagnoses and counseling are performed by psychologists,
which increases both the reliability and depth of information. For each student with special needs, we know
the type of SN and can also infer the severity of SN. The severity measure is constructed based on the
number of contacts between the student and the SPS.

Third, due to data limitations, much of the previous literature defines the grade-cohort in a school
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peer externalities in classroom education production and explicitly compare results for different definitions
of peer environments. Theory posits that the classroom is the relevant peer environment for education
production (Lazear, 2001), and we show that approximating classroom externalities at the grade-cohort
level captures smaller — yet significant — peer effects. Fourth, observing the composition of both classes and
school-grade cohorts allows us to employ different identification strategies. While our identification relies
on within-school random assignment to classes when students transition from primary school to secondary
school, we can alternatively exploit idiosyncratic variation in cohort composition, as is done in most previous
studies (e.g., Carrell and Hoekstra, 2010; Carrell, Hoekstra, and Kuka, 2018; Hoxby, 2002). We obtain
similar peer effect parameters under the two identification strategies.

Fifth, we study the persistent effects of SN classroom peers by examining long-run outcomes such as
post-compulsory education choices and labor market outcomes. Our analyses reveal that negative exter-
nalities from SN peers are still statistically significant in the long run but small in economic magnitude.
Sixth, we discuss different educational policies in light of their ability to alleviate the burden of negative
spillovers. The small size and substantial heterogeneity in the peer effect give rise to the result that inclusion
is preferable to segregation in terms of average test scores. We also find that good teachers are able to en-
sure a learning environment in which spillovers are reduced, whereas per student spending has no significant
impact on the size of the spillovers.

The paper proceeds as follows: Section 2 introduces the institutional setting, section 3 presents the
data, section 4 explains the empirical strategy, and section 5 reports the results. Section 6 discusses the

implementable educational policies related to SN students, and Section 7 concludes the paper.



2 Institutional Background

2.1 Education System

In Switzerland, the primary responsibility for education lies with the 26 cantons (states). Schools are ad-
ministered by municipalities, and the majority of students in Switzerland complete compulsory education at
a public school in their municipality of residence. Approximately 5% of children in a cohort attend a private
school. Inclusion is an important policy objective of public schools. Children of different gender, ethnic,
social and economic backgrounds as well as children with disabilities are educated in an inclusive setting
whenever possible. Only 2% of all children in Switzerland are educated in segregated special education
schools for children with severe disabilities (e.g., Down syndrome, autism, blindness).

Our analysis considers the universe of secondary schools (both public and private) from the canton of
St. Gallen, the fifth largest state in Switzerland, with a population of approximately 500,000. In St. Gallen,
compulsory education begins for children at age four when they enter kindergarten. The total compulsory
school period amounts to eleven years, divided into the primary level (kindergarten and primary school,
two and six years, respectively) and secondary level (secondary school, three years). Secondary schools
are organized separately from primary schools and have a larger catchment area. Assignment to schools
is based on district of residence. This assignment is strict, and parents have no influence on the decision
other than moving permanently to another school district. Appeals challenging the assignment decision are
usually dismissed, and rulings regarding exceptions from residence-based assignments are rarely granted
(Weder, 2016). Important for our identification strategy, classes remain unchanged within each stage but
are reshuffled when transitioning between stages. As opposed to typical settings in the US with varying
class composition for different subjects, class composition in St. Gallen is not only stable during the entire
secondary school but also across subjects.

Tracking occurs upon completing primary school. There are two main tracks, secondary schools belong



to either an upper tier (Sekundarschule) or a lower tier (Realschule). Assignment to either track is based on
student performance and the primary school teacher’s recommendation. While the assignment to secondary
school tracks is based on performance, there is no systematic assignment of students to classes within each
school-track. When classes are composed at the beginning of secondary school, the administrative staff has
no prior knowledge about the students other than administrative data on gender, place of residence, primary
school attended, and nationality. Anecdotal evidence suggests that schools deliberately attempt to mix their
intake cohorts based on these observable characteristics. For equity reasons, special needs information is not
shared between schools when transitioning to secondary school. This implies that SN students can be neither
identified nor assigned to specific classrooms or teachers in secondary school and that class composition is
quasi-random in this respect. We test this implicit randomization assumption in section 4.

Towards the end of the second year of secondary school, all children take a mandatory standardized
test in core subjects. The test, named “Stellwerk 8,” is computer-based and administered by the Ministry
of Education of the canton of St. Gallen. Stellwerk 8 is a norm-referenced, self-scoring, adaptive exam
similar in spirit to the Graduate Record Examination (GRE). Students do not necessarily face the same set
of questions. The software chooses questions such that they correspond to an ability measure computed
based on the answers to all previous questions. The final test score thus reflects the difficulty level of
the questions that the student was able to answer correctly. Upon completion of the test, students and
their teachers receive feedback on the achieved score. Although the test was developed as an instrument
for standardized performance feedback, the test results are important for students. After the test, students
receive a certificate with their Stellwerk 8 results. This certificate is usually provided to potential employers
when students apply for an apprenticeship position.

After completing compulsory schooling, approximately two-thirds of students enter vocational educa-

tion and training (VET) by applying for an apprenticeship position and signing a training contract with a



firm. VET combines part-time formal education with training and experience at the workplace.®> Switzer-
land has a strong tradition of vocational education, as reflected in the low proportion of students choosing
the academic track. In St. Gallen, approximately 15% of students per cohort complete the academic track,
allowing them to pursue post-secondary education, compared to a national average of 20%. The residual
category consists of individuals who do not pursue post-compulsory education (approximately 10% for our

cohorts, Swiss Federal Statistical Office, 2017) or postpone their secondary education.

2.2 The School Psychological Service

The SPS is a centralized service provider for all schools in the canton of St. Gallen. It is divided into separate
administrative units for the main city St. Gallen and the rest of the canton, which is served by seven regional
offices. The SPS provides diagnosis and counseling for children, parents, and teachers for school-related
problems. This includes diverse issues such as general counseling, diagnosis of learning disabilities and
correspondence with physicians, monitoring developmental deficiencies, conflict mediation, and developing
schooling strategies for children with special needs. Similar services exist in other European countries, such
as Germany or the UK, and in US states, albeit often organized at the school or district level. In Switzerland,
SPS services are organized at the state level.

The standard procedure is that the teacher registers a child for counseling with the SPS. In a few cases,
requests for counseling are filed directly by the child’s parents. Teachers have to provide one or several
reasons for registering the child with the SPS. Typically, these reasons are learning problems or emotional-
behavioral problems, sometimes both. A counseling unit usually begins with an assessment session that may
include several diagnostic tests, followed by discussions with the relevant stakeholders, and concludes with

a recommendation for further action, e.g., delaying school entry, additional tutoring, or therapy. Although

3Students who attend a VET program study part time at school for 1 to 1.5 weekdays per week. For the remaining time (3.5 to
4 weekdays), students work as apprentices in host companies with which they have an employment contract for their entire two-
to four-year training period. See Oswald and Backes-Gellner (2014) for an overview of the Swiss VET system. For a broader
perspective on VET across countries, see Wolter and Ryan (2011).



schools have some freedom to implement the recommendations made by the SPS, they rarely deviate.

SPS interventions generally occur during primary school, when children are still at a formative age.
Vulnerable children or those with developmental delays are screened at primary school entry and can be
offered the possibility of a transition year between kindergarten and primary school to foster school readi-
ness. In primary school, students with severe special needs might be accompanied by a SN teacher either
full time or during specific lessons. Because such measures are costly, they are only implemented upon rec-
ommendation of the SPS following an examination of the child. These measures are often complemented
by individually assigned therapies, e.g., speech, dyslexia/dyscalculia, or behavioral therapy. Although chil-
dren may still have SN and school problems beyond primary school, support during secondary school is
considerably reduced. Assistance in secondary school consists primarily of additional tutoring outside the
classroom, which is provided to less than 1.5% of students.

Because of the diverse issues the SPS treats, nearly one-third of all children are in contact with it at
least once. For example, between 2004 and 2015, an average of approximately 3,300 children per year were
registered with the SPS. The age at first registration varies but is on average eight years, typically when
children are in the third year of primary school. Note that this coincides roughly with the time when chil-
dren start receiving school grades (second semester of second grade) and thus potential learning disabilities

become more apparent.

3 Data

Data for this study stem from four 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. Besides
achievement, this data contains information on individual characteristics and a class and teacher identifier.
Second, we merge the test score data with the administrative records from the SPS to obtain information on

students’ special needs. Third, we supplement these data with information on students’ career trajectories



after compulsory education. Fourth, we link our data set to the records of the social security administration
to obtain individual employment and income histories.

The test score records are our primary data source, containing the following information for each eighth
grade cohort between 2008 and 2017: student achievement (standardized test score in Math and German),
student characteristics (date of birth, gender, and native German speaker), and composition of secondary
school classes (school, track, classroom ID, and teacher ID). In contrast to many other studies on peer
effects in education (e.g., Angrist and Lang, 2004; Carrell and Hoekstra, 2010; Carrell, Hoekstra, and Kuka,
2018; Hanushek et al., 2003; Kristoffersen et al., 2015; Lavy, Silva, and Weinhardt, 2012), our data allow
us to identify classroom composition. Being able to identify the class constitutes an advantage of our data,
because classroom peers (compared to grade-cohort peers) are the relevant peer group for the production of
educational outcomes (Lazear, 2001).

Data on achievement are based on the Stellwerk 8 test, and our analysis focuses on the composite score
in Math and German, which are compulsory subjects in all tracks.* Test scores range between 0 and 1,000,
and the average composite test score across all schools is 534. For the analysis, we standardize all test scores
to ease interpretation and comparability with other studies (i.e., mean zero and standard deviation one).

We impose four sample restrictions on the school data, which combined exclude approximately 8%
of the raw data. First, we drop special education institutions, because students attending those schools are
not required to take the Stellwerk test, and we thus do not observe complete classes. Second, we exclude
segregated classes with only SN students. Third, we drop implausibly small or large classes (i.e., smaller
than ten and larger than 31). Fourth, we exclude students with missing data or data entry mistakes such
as test scores that exceed the possible score range or implausible age. Supplementary Table A.1 shows

the sample construction in detail. Our final sample comprises 49,961 students in 2,723 classes from 155

4Using a composite score has the advantage of increasing precision by reducing measurement error in the dependent variable (West
and Peterson, 2006). In a robustness check, we estimate the main models separately for Math and German scores and find that the
peer coefficients lie within each other’s confidence bounds.
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school-tracks.

To construct our treatment variables, we merge the school data with administrative records from the
SPS. The SPS records contain students’ diagnosis and counseling history, recorded by the caseworkers in
the SPS database. Students enter the database if they had contact with the SPS before or during primary
school. We observe the date of each contact per student, the reason for registration with the SPS, and
information on diagnoses, treatment, therapy, and other case-related data through caseworkers’ comments.
We classify students as special needs students if they were in contact at least twice with the SPS and were
not explicitly dismissed without any diagnosis. We use the threshold of two contacts because diagnoses are
recorded with error in the data and children with a single SPS contact are likely false positives. Since the
decision to refer a child to the SPS is made by teachers or parents, there are cases in which children are sent
to the SPS, examined by the SPS professionals, and then receive no special needs diagnosis. We thus use
the two-contact rule to filter out these over-referrals. In the robustness checks, we test the sensitivity of the
definition of SN status by gradually increasing the threshold number of contacts.

Using administrative data from the SPS has several advantages. First, we observe directly whether a
child has special needs, without relying on survey data or proxies for SN status such as gender, ethnicity,
or parental background. Second, being an SN student is measured during primary school and is thus in-
dependent of class composition in secondary education (within school-tracks). Third, the data permit the
measurement of different types and severity of special needs. We observe not only whether a student has, for
example, a learning impairment or a behavioral problem, but also the number of contacts between the SPS
and each SN student. According to the SPS staff, children who are observed to have had more contacts with
the SPS are likely to have more severe special needs than those with fewer contacts. For example, children
with acute learning difficulties undertake several tests to assess their cognitive development, resulting in
multiple contacts with the SPS. Similarly, children with major behavioral problems have longer histories of

contacts with potentially more complex therapy settings. Following this reasoning, we use the number of
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contacts for each child as a measure of the severity of special needs.

To investigate the persistent effect of SN peers, we collect data on students’ career trajectories after
compulsory education. First, we link our data to information on all VET contracts signed in the canton of
St. Gallen between 2008 and 2016. The Ministry of Vocational Education of St. Gallen collects all the VET
contracts that are signed within the canton, along with begin and end dates of the contract, type of VET
(i.e., occupation), and quality of VET.> Second, for students who enter the academic track, we link our data
to the administrative high school records for the years 2008-2016. The high school data are provided by
the Ministry of Education of St. Gallen and comprise all high schools within the canton. Note that for both
VET and high school data, we lose the 2017 cohort due to children not yet having completed compulsory
schooling.

The final piece of information we add to our data set is provided by the Swiss Federal Statistical Office
and comes from the Swiss Central Compensation Office (CCO). The CCO is the central body for the first-
pillar of social security in Switzerland, which covers old-age and survivors’ insurance, disability insurance,
and compensation for loss of earnings. To qualify for these benefits, workers pay social security taxes on
their earnings, and the claimant’s benefits are based on the wage earner’s contributions. The CCO thus
possesses monthly employment and earnings data for all registered individuals. For individuals in our data
who ever worked between 2008 and 2016, we observe how many months per year they worked and their
(net) earnings.® These data allow us to investigate the labor market effects of SN peers on individuals’ early
careers.

While we have information on post-compulsory education for 82% of all students, we have labor market
outcomes for 53% of the sample. Higher attrition for later outcomes can almost exclusively be attributed to

cohorts that have not yet completed compulsory education or entered into the labor market. While we do

SSwitzerland offers two quality types of apprenticeships, characterized most notably by their different durations (2 vs. 3 or 4 years)
and curricula contents. For many occupations, both a high- and a low-quality track are available.

5The only sample restriction we impose on the CCO data is to exclude 1% of each tail end of the earnings distribution. This
restriction is intended to attenuate the impact of outliers, remove implausible values, and filter out summer jobs.
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not have information on post-compulsory education or VET contracts outside of the canton of St. Gallen,
information for income and earnings is available independent of the canton of residence but only until 2016
due to a data provision time-lag of the CCO of approximately two years. The last birth cohort we can reliably
observe in the income registers is 1998, and the cohorts up to 1998 account for approximately 60% of the
original sample. Attrition in the cohorts before 1998 is small (approximately 5%), which might simply be
due to individuals who have no registered income (yet).’

Table 1 reports the descriptive statistics for our sample of 49,961 individuals, divided by information
on special needs (panel A), achievement (panel B), post-compulsory education (panel C), labor market
outcomes (panel D), and covariates (panel E). On average, 25.5% of all students and approximately four
students per class in eighth grade had been in contact with the SPS during primary school. Supplementary
Figure A.1 shows the distribution of class size, the number of SN peers per class, and the proportion of SN
peers per class. The average age at first registration with the SPS is 8.35 years, and the leading reasons
for a referral to the SPS are learning impairments and behavioral problems. Because it is possible that
a child is registered with the SPS for both learning impairments and behavioral problems, we categorize
these two SN types as follows: learning impairments without behavioral problems and behavioral problems
(potentially with learning impairments). By using these mutually exclusive categories, we find that 18% of
all children suffer from a learning impairment, whereas 6% have a behavioral problem. Overall, our figures
on the incidence of SN are in line with the national average. Moreover, the baseline rates in our sample
are comparable to those of other OECD countries (OECD, 2005). Nevertheless, cross-country comparisons

should be made with caution due to institutional differences.

[ Table 1 here ]

To investigate the relationship between student achievement and the proportion of SN peers, Figure 1

7In the analyses on post-compulsory education and labor-market outcomes, we drop the corresponding younger cohorts completely
to minimize any issues regarding selective attrition.
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plots the average test score against the proportion of special needs peers. Although purely descriptive
and contaminated by correlated background characteristics, Figure 1 reveals two important features of the
data. First, SN students consistently perform worse than non-SN students on standardized tests (see also
Figure A.2 in the supplementary material). Second, we observe that average achievement decreases with the

proportion of SN peers. This negative relationship is present for both SN and non-SN students.

[ Figure 1 here ]

After compulsory education (Table 1, panel C), 67% of the students enter VET and 15% enter the
academic preparation track. The residual category comprises students who are retained, postpone their
post-compulsory education decision, follow post-compulsory education in a canton other than St. Gallen, or
enter the labor market directly. The average worker in our data has a net income of 1,864 Swiss Francs per
month (in 2018, 1 Swiss Franc was valued at 1.01 USD) and is employed for approximately ten and a half
months per year (Table 1, panel D). The net earnings we have in our data are lower than the Swiss average,
because we observe individuals in their early career. The income reported in the present study is earned
when the workers are between 17 and 25 years of age. Most of the earnings we have are thus apprenticeship
wages, not only because two-thirds of each Swiss cohort follows the vocational track but also because very
few university graduates enter the labor market before age 25.8 By restricting the sample to individuals who
have completed a VET degree, we observe an average net income of 3,400 Swiss Francs, which is consistent

with the national averages for early career net earnings.

4 Empirical Strategy

The aim of this paper is to evaluate the impact of differential exposure to SN peers on student achievement,

educational choices, and labor market outcomes. Although studying peer effects has a long tradition in

8Note that some students work part time and are thus registered at the CCO. We cannot distinguish part-time from full-time work,
which further compresses average wages in an age group that is likely to contain many part-time workers.
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economics, measuring such effects has proven challenging for three main reasons (Manski, 1993). First,
individuals in a group tend to behave similarly because they face similar environments. These correlated
effects confound peer effect parameters, hindering the researcher from distinguishing true peer effects from
common shocks shared by a group. The use of large data sets may resolve this problem by including a series
of fixed effects that control for unobserved heterogeneity at multiple levels (Burke and Sass, 2013). Second,
it is difficult to separate the effect of the group on the individual from the effect of the individual on the
group. This reflection problem exists because individual and peer outcomes are determined simultaneously.
For this reason, the present paper focuses on a characteristic (SN status) that is determined before entering
secondary school, when achievement is measured.

The third problem is that individuals tend to self-select into peer groups with specific characteristics. If
this type of selection occurs, one cannot determine whether a difference in outcome is a causal peer effect or
a reason that individuals joined a group. In the context of peer effects in education, this self-selection issue
can be resolved through quasi-randomization (Chetty et al., 2011; Duflo, Dupas, and Kremer, 2011; Feld
and Zolitz, 2017; Lyle, 2007; Sacerdote, 2001) or by exploiting the natural variation in cohort composition
over time (Carrell and Hoekstra, 2010; Carrell, Hoekstra, and Kuka, 2018; Hanushek et al., 2003; Hoxby,
2002). The majority of papers exploiting the natural variation in cohort composition defines peers as the
group of grade-level individuals from the same school. However, this definition is usually data driven and
not necessarily optimal. A natural approach is to define the peer group at the classroom level, because
classroom peers exert a greater influence on individual outcomes (Burke and Sass, 2013; Lazear, 2001).

The data allow us to identify classrooms, and we use within-cohort quasi-randomization to resolve the
self-selection issue. In the canton of St. Gallen, the transfer from primary to secondary school is regulated, in
the sense that students go to a given school depending on the district they live in. Schools may have different
education tracks, and classes are strictly separated between tracks. Within each school-track, classroom

formation is quasi-random, as students from different primary school districts are mixed and their SN status
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is not observed by secondary school administrators. Neither primary schools nor the SPS shares information
with secondary schools for equity reasons and to avoid stigma when transitioning between schools. Beyond
this anecdotal evidence, we formally test the validity of the identification strategy with three balancing test.
First, we examine whether the proportion of SN peers predicts individual baseline characteristics (gender,
native speaker, and age). The aim of this test is to detect potential selection into classrooms. Second, we
regress the indicator for SN status on class fixed effects, which should be jointly insignificant if assignment
to classroom is random with respect to SN status (Chetty et al., 2011). Third, we conduct a simulation
exercise in the spirit of Carrell and West (2010). We re-sample 10,000 classes, randomly assign SN students
to classes, and test whether the observed distribution of SN students differs from the simulated one. These
three balancing test are presented and discussed extensively in Appendix B, and they all indicate that the
key identification assumption of quasi-random assignment of SN students to classes is valid.

Our identification relies on variation between classes within school-track-years. Although families
can potentially choose their district of residence and thereby influence schooling options for their children,
possible selection into schools does not confound our results. In addition, municipalities within the canton
of St. Gallen are very homogeneous in terms of demographics, indicating that such strategic behavior is most
likely limited.” Mobility in Switzerland is generally low; approximately 80% of people do not move within
five years (Eugster and Parchet, 2019). Moving for school choice alone is likely to be a rare occurrence.
However, even if it occurs, our identification strategy is not affected by mobility between school districts.

Formally, we are interested in the following linear model:

Yicst =+ ﬁ SW(—i)¢~st + ’}/S]Vicst + A Y(—i)cst + ﬁXicst + Eicst (1)

where Y. is the outcome of interest, such as the test score result of individual i in class ¢ in school-

9The between-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. Data are
from Eugster and Parchet (2019).
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track s in cohort ¢. Xj. is a vector of observable characteristics, including gender, native German speaker,
age, and class size. X (—i)est are the average characteristics of the peers of student i (proportion of girls,
proportion of native speakers, and mean age). SN;.; is own special needs status. Our variable of interest is
W(,i)m, a measure of exposure to SN students in a given class. We calculate exposure for each student i as
W(,[)m =((New —1)7 'Y i+iSNjcst 1.€., the proportion of SN students per class, excluding the SN status of
i herself. The peer spillover parameter is 3, which represents the impact of a marginal increase in SN peers
on i’s outcome.

Finally, & represents the error term, which we model in a components-of-variance framework. In
detail, €.y is assumed to consist of two components: €.y = Ug + €icsr, Where Uy is a school-by-track-by-
year fixed effect, and e,y is an idiosyncratic error term.' The exogeneity of e;.; iS a common assumption
in the literature (Cooley Fruehwirth, 2009) and would be violated if there is some residual input that is
correlated with observable student characteristics. As class formation within school-tracks is random and
we consider only predetermined student characteristics, the assumption appears plausible in our setting. The
school-by-track-by-year component exploits the natural variation in classroom composition within school-
tracks for each year in the most flexible way. Throughout the paper, we refer to equation (1) as the main
model. In studying effect heterogeneity, we also consider more flexible versions of W(,i)m using cubic
splines and an alternative measure of SN peer exposure based on the number of consultations with the SPS.

Being able to identify the classroom constitutes an advantage of our data, and this advantage also allows
us to shed light on an additional challenge in peer effects analyses. Since correlated effects can emerge due
to possible non-random assignment of teachers to classes, we specify a model that controls for time-constant
heterogeneity in achievement inputs at the teacher level. Revisiting the components-of-variance framework,
we specify the error term as €.y = s + @ + Nes + Uicsr, Where 15 represents the teacher fixed effect (7; and

¢ are school-track and time fixed effects, respectively). This latter specification filters out the effects of class

10A Jess flexible, but widely used, alternative specification is &g = s + @ + Viest-
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environment common to a teacher and potential matching between teachers and classes. Any potential time
trends affecting schools or teachers have to be captured by the common factor ¢. In sum, while our main
specification relies on variation between classes within a school-track each year, the teacher-fixed-effect
model is based on variation between classes of the same teacher in different years.

A trade-off exists between the identification within school-track-years and the identification within
teachers. While the within-teacher identification has the potential advantage of filtering out correlated ef-
fects, this approach considerably reduces the variation that can be used for identification. Because teachers
usually retain the same class throughout secondary school, they can teach an eighth grade class once every
three years at most. We observe each eighth grade cohort between 2008 and 2017, and few teachers appear
multiple times in the data.!! Therefore, to estimate the effect of SN peers, the within-teacher identification
exploits much less information than the within-school-track approach. It also assumes that there are no dif-
ferential time/cohort effects for teachers or school-tracks. For these reasons, we retain specification (1) as

the main model and defer the within-teacher specification to the sensitivity analysis.

5 Results

This section presents and discusses the results, divided into three parts. Part one focuses on the impact of
SN peers on achievement, along with extensive sensitivity analyses. Part two studies heterogeneity in terms
of distributional effects, severity and type of SN, and threshold effects. Part three examines the long-run

impact of SN peers on post-compulsory education choices and labor market outcomes.

5.1 Effects of Classroom Composition on Achievement

The main results are presented in Table 2. Panel A shows the effect of differential exposure to SN peers

on achievement for all students, while panels B and C show the results for students without and with SN,

Ty detail, of the 1,197 teachers in our data, 16% are observed exactly once, and only 10% are observed more than four times.
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respectively. All regressions control for school-track-year fixed effects and class size, and we gradually
include student-level controls (column 2) and classroom-level controls (column 3) to our estimations. Stan-
dard errors are clustered at the classroom level.

The estimates of own SN status show that SN students score substantially lower than non-SN students.
The results from panel A indicate that students with SN score approximately 0.1 standard deviations lower
on the Math and German composite test score. This result is expected, as a large proportion of SN students
have learning difficulties.

Next, we examine whether exposure to SN peers affects the academic achievement of other students in
the classroom. The results from all specifications consistently indicate that exposure to SN peers reduces
educational achievement. According to our preferred specification in column 3, adding one SN student to a
classroom of 20 students causes the achievement of the other students to fall by 2.5% of a standard deviation
(0.05 x 0.509), which is statistically significant at the 1% level. The effect corresponds approximately to
one-fourth of the effect of being an SN student.

Adding covariates to the model does not substantially change the estimate. The baseline estimate
without covariates (panel A, column 1) becomes slightly smaller as student-level covariates (column 2)
and classroom-level covariates (column 3) are added to the model, although all confidence intervals overlap.
Including individual-level covariates reduces primarily the estimate for own SN status, whereas the inclusion
of classroom-level covariates reduces the peer effect estimate. This is intuitive, since SN status is correlated
with other predetermined attributes — SN students are more likely to be male, older, and non-native German
speakers.

Finally, the conditional results for SN status reported in panels B and C show that the negative peer
externalities are driven primarily by the effects on students with special needs themselves, i.e., SN students
tend to score lower if they are surrounded by other SN children in their class, compared to non-SN students.

The difference in the peer effect is statistically significant. This can be tested by including an interaction
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between own SN status and the proportion of SN peers. As shown in Supplementary Table A.2 (column 3),

the interaction coefficient is negative and statistically significant at the 1% level.

[ Table 2 here ]

The results suggest a moderate negative spillover effect of special needs students on the immediate edu-
cational outcomes of their peers. In the remainder of this section, we analyze the sensitivity of this result and
extend the analysis in several dimensions. These checks ensure that the main results are stable and provide
the groundwork for the analyses in the following sections. Supplementary Table A.2 and Figure A.3 test
the sensitivity of the results with respect to the definition of outcome and treatment, whereas Supplementary
Table A.3 tests the sensitivity with respect to the specification of the fixed effects and to sample restrictions.

The first two specifications of Supplementary Table A.2 perform the main analysis by subject, i.e.,
Math and German test scores separately. The peer effect parameter is highly significant in both specifica-
tions, but the negative externalities of SN students appear larger for German than for Math. However, the
two coefficients have overlapping confidence intervals, which makes it unclear whether the peer effect for
German is significantly larger than that for Math. In specifications 4 and 5, we change the definition of the
treatment variable. Instead of defining SN exposure as the percentage of SN peers, we define exposure as
the number of SN peers (column 4) and as at least one SN peer in the classroom (column 5). As expected,
defining SN exposure as either a percentage or the number of peers with SN makes virtually no empirical
difference. However, by defining exposure as at least one SN peer, the negative externalities become smaller
in magnitude and significant at the 5% level. The reason for this is that specifying the treatment in this way
considerably reduces the identifying variation. Only 54% of school-tracks contain classes without special
needs students, and only 19.5% of the 1,398 identifying school-track-year clusters do so. Nevertheless, this
result hints at non-linearities in the peer effects, which we investigate in the heterogeneity analysis in the

next section.
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Disruptive influences of classroom peers are likely to matter more for classroom production than influ-
ences from peers outside of the class environment. In fact, most of the interaction between students at school
occurs within the classroom, while interactions with other students in a cohort are limited to the times before
and after school or breaks. This is especially true in the Swiss context, where class composition remains
unchanged across subjects.'? The last specification in Supplementary Table A.2 (column 6) presents the
peer effects analysis at the school-grade level, ignoring classroom composition. The purpose of this exercise
is twofold. First, it uncovers whether observing the classroom rather than the grade-cohort is empirically
relevant. Second, it allows us to compare the results with the literature, which generally focuses on the
grade-cohort analysis. We find that the effect of own SN status remains nearly unchanged, but the peer ex-
ternalities are smaller than in the main estimates. This shows that observing the relevant network structure is
of key importance and that the effects differ depending on the accuracy with which the researcher identifies
the set of relevant peers.

We can compare the size of our estimates to the peer effects that are obtained in studies that examine
the influence of potentially disruptive children. Carrell and Hoekstra (2010) study the effect of disruptive
peers on educational achievement in Florida, using variation in the share of children exposed to domestic
violence in a school-grade cohort. They conclude that adding one child from a troubled family to a class of
20 reduces a composite reading and math percentile score by 2.2% to 2.7% of a standard deviation. They
estimate the peer effect parameter at the school-grade level, which complicates a direct comparison with
our main estimate. By repeating the main analysis and using the same aggregation level as Carrell and
Hoekstra (2010), we find an effect of 0.99% of a standard deviation when adding one SN student to a class
of 20 (Table A.2, column 6). This effect is smaller, suggesting that exposure to peers subjected to domestic

violence may have more serious consequences.'?

12The within-school identification might be more susceptible to a violation of the randomization assumption, if it is easier for
parents to influence class assignment then to change schools. Note that we provide evidence for randomization in Appendix B.

13This hypothesis is corroborated by the data. In the SPS administrative records, we identify 558 children from troubled families
(1.16% of all children). Our definition of troubled family ranges from cases of conflicts within the household to cases of domestic
violence. The incidence rate we find is much lower than the 4.6% reported by Carrell and Hoekstra (2010), likely because we
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It is also possible to assess the sensitivity of our results to how an SN student is defined. Using deciles
of the distribution of contacts with the SPS, we begin by considering all SN students as having special
needs and then gradually exclude from this definition the next lowest decile, until only children in the top
decile of the number of contacts are considered to have SN. Supplementary Figure A.3 shows the parameter
estimates obtained when varying the definition of SN students in this way. The estimated effects are robust
to the definition of SN children but, as a general pattern, become more negative and less precise as the
stringency of the definition of SN students increases. We further investigate this pattern in the heterogeneity
analysis in section 5.2.

A second set of robustness checks is presented in Supplementary Table A.3, which focuses on the
specification of the fixed effects and imposes some sample restrictions on our analyses. As we explained
in the methods section, the fixed effects are specified at the level of randomization, i.e., at the school-track-
year level. The identification thus comes from variation between classes within school-track-year cells. One
alternative, less flexible specification often used in the literature is to separate the school-track fixed effects
from the time fixed effect. By doing so (columns 1 and 2), we find that the peer effect parameter decreases
slightly but remains statistically significant at all conventional levels.

A further alternative specification of the fixed effects is to add a teacher fixed effect. As we mentioned
previously, few teachers are observed multiple times, because they retain the same class throughout sec-
ondary school. In addition, it is necessary to separate the year fixed effect from the school-track one because
no teacher has two classes in the same school year. Keeping these two aspects in mind, specifications 3 and 4
in Supplementary Table A.3 perform the main analysis with the following fixed effects: year, school-track,
and teacher. The findings show that including a teacher fixed effect considerably reduces the peer effect

parameter, which nonetheless remains statistically significant at conventional levels. This is consistent with

only observe cases that are reported to the SPS. Nonetheless, we can estimate the negative externalities of children from troubled
families at the school-grade level. We find that adding one child from a troubled family to a class of 20 reduces achievement
by 2.5% of a standard deviation, which is consistent with the estimates obtained by Carrell and Hoekstra (2010) and Carrell,
Hoekstra, and Kuka (2018). We also observe that children from troubled families have on average more contacts with the SPS
than a typical SN student (12.3 vs. 7.97), suggesting that children from troubled families are quite severe cases.
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Burke and Sass (2013), who also show that controlling for teacher impact reduces estimated peer effects.
Although this reduction in the magnitude of the peer effect might be simply due to a loss of identifying
variation, the reduction could also indicate that teachers have a mitigating effect on the negative externali-
ties. Understanding what kind of teacher or teacher characteristics help buffer the negative externalities is
an important policy question, which we address in section 6.

The final set of robustness checks, presented in columns 5-6 of Supplementary Table A.3, addresses
sample restrictions. We perform the main analysis separately for each education track and find that negative
externalities from SN students exist within both tracks. Interestingly, the peer effects are larger in the low-
ability track, where the incidence of SN students is higher.

Overall, the sensitivity analyses indicate that the main results remain qualitatively unaffected by the
definition of the outcome, the definition of the treatment, the specification of the fixed effects, and the
sample splits. In addition, these analyses also reveal important features of and patterns in the data that we

further investigate in the heterogeneity analysis and in section 6 on implementable educational policies.

5.2 Heterogeneity Analysis

This section addresses two questions related to heterogeneity. First, we analyze which students are affected
the most by mainstreaming. Second, we examine which students are driving the education externalities.
The results in the previous section show that achievement of SN students themselves is impaired more by
higher levels of mainstreaming than is the achievement of students without special needs. The effects might
also be heterogeneous across the achievement distribution. In general, low-achieving students may be more
easily affected by disturbing influences in the classroom. To investigate this possibility, we transfer our
main specification to a quantile regression setting and estimate the unconditional quantile treatment effects
of SN peers over the distribution of test scores. We apply the unconditional quantile regression approach

developed by Firpo, Fortin, and Lemieux (2009), a standard approach to investigate heterogeneous effects
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in a distributional framework.

The results are shown in Figure 2, which plots quantile treatment effects and the respective 95%-
confidence intervals for different percentiles of the achievement distribution. We find that low-achieving
students are more strongly affected by SN peers than are students in the upper end of the achievement
distribution. The heterogeneity is substantial in the lower parts of the distribution, where the peer effect
parameter for a student in the tenth percentile of achievement is twice as large as that of the median student.
Above the median, the peer effect parameter is stable and becomes statistically insignificant at the top

quartile.

[ Figure 2 here ]

Having established that it is mostly the low achieving students who suffer from higher levels of inclu-
sion, we now focus on which children within the group of SN students are driving the effect. We distinguish
between two dimensions. First, we ask whether students with the most severe SN generate the same amount
of externalities as the average SN student. Second, we investigate whether a specific type of SN (i.e., learn-
ing impairment or behavioral problems) is particularly detrimental for other students.

To investigate the effect of SN severity, we rely on the information on the number of contacts with the
SPS. The primary definition of special needs identifies every child that has been in contact with the SPS
at least twice during primary school or before, irrespective of the reason for the contact or the intensity
of counseling. This definition might include very simple cases, such as requests for delaying compulsory
school entry or cases where no further action was deemed necessary after diagnosing the child. Since
children’s contact histories are observed in the data, it is possible to construct a straightforward measure of
individual SN severity using the number of contacts with the SPS.

Panel A of Table 3 reports estimates of peer effects exploiting the individual intensity measure, di-

vided into three specifications. In column 1, we add the sum of contacts as an additional measure of overall
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classroom SN severity to the main specification. Conditional on the exposure to SN peers, increases in the
severity of SN at the intensive margin have an additional negative and significant effect on achievement. A
one-standard-deviation increase in individual contacts with the SPS (approximately six contacts) causes a
decrease in test scores by 1.2% of a standard deviation. This effect is nearly half of that of adding one SN
student to a class of 20 from the main specification. The model in column 2 considers only students with
severe SN, defined as those in the highest quartile of SN intensity. Restricting the treatment measure to this
group, which is likely the most disruptive to instructional quality, the peer effect estimate increases by ap-
proximately 40% compared to the corresponding baseline estimate (Table 2, panel A, column 3). Finally, in
column 3, we estimate the effects separately for the share of classroom peers belonging to different quartiles
of the distribution of consultations with the SPS. The results indicate that peers with a low degree of SN
severity have relatively small negative effects on peer achievement. However, having a higher percentage of
classmates from the top quartile of the severity distribution reduces test scores considerably for all students.
These results suggest that exposure to special needs peers matters at both extensive and intensive margins
but that especially students with severe special needs at the upper end of the distribution are driving the
negative spillover effects.

Panel B of Table 3 examines another dimension of SN heterogeneity, i.e., the type of SN. As previously
mentioned, we focus on two distinct types of SN, namely learning impairments and behavioral problems.
These two categories are chosen because they are the most common SN types, accounting for nearly 95%
of all the reasons for registering a child with the SPS. The models in columns 1 and 2 include the two types
separately in the regression model, while the model column 3 contains both SN types in one regression.'*
There are three important findings. First, we find that both types of SN have negative externalities, and
these negative effects are statistically significant. Second, as column 3 shows, both students with learning

and those with behavioral problems have lower achievement levels. However, having a learning impairment

14This is possible because, as we mentioned in the data section, we define the two SN types to be mutually exclusive.
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is worse in terms of achievement than having a behavioral problem. The coefficient of own behavioral
problem is almost half of that of own learning impairment, and we reject the equality of the coefficients at all
conventional significance levels. Third, the negative externalities from students with learning impairments
are slightly larger than those from students with behavioral problems, although we can reject the equality of

the parameters only at the 10% level of significance (p-value = 0.08).

[ Table 3 here ]

Overall, the findings for the type of SN are consistent with Lazear (2001), who hypothesized that both
types of classroom disruption would have an effect on the other students in the class: “The impediment [to
classroom learning] may take a variety of forms. Student disruption provides a concrete example. Neither
the student nor his classmates can learn much when the student is misbehaving, causing the teacher to
allocate her time to him. Less nefarious, but equally costly is time taken by a student who asks a question to
which all other students know the answer” (Lazear, 2001, p. 780). To our knowledge, the present paper is
the first to provide causal evidence that both behavioral problems and learning impediments have negative
externalities.

The analyses thus far consistently show that including more SN children in a classroom can be detri-
mental to student achievement. However, the results do not allow us to make any statement about whether
segregated education would be preferable. Assuming for now that inclusive education is a given (we will
relax this assumption in section 6), we attempt to address the question of whether there is some optimal
classroom composition such that negative spillover effects are mitigated. Returning to the initial defini-
tion of SN students, we examine effect heterogeneity along the dimension of how many SN students are
in a classroom. That is, we abandon the linearity assumption and consider a more flexible version of the
main model using (restricted) cubic splines of W(_i)cst. When using a cubic spline, one obtains a contin-

uous, smooth function that is linear before the first knot, a piece-wise cubic polynomial between adjacent
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knots, and a linear function again after the last knot. The locations of the knots are based on the percentiles
recommended by Harrell (2001).1

The results are reported in Figure 3, which is divided in two panels. Panel A depicts the predicted test
scores for different percentages of SN peers. As suggested by Figure 1 in the descriptive analysis, (predicted)
test scores decrease as the share of SN peers grows. Regarding the marginal effect (panel B), we observe that
negative spillovers worsen with the percentage of SN peers and only begin to impact student achievement
after including more than 3-4 SN students in a classroom or, alternatively, having a class that is more than
15-20% SN students. The presence of these threshold effects suggests that it might be possible to achieve
a potential improvement in average achievement by strategically allocating SN students homogeneously

across classrooms. We further investigate this and other policies to improve overall achievement in section 6.

[ Figure 3 here ]

5.3 Long-Run Outcomes

In this section, we investigate the long-run effects of exposure to SN peers. Thus far, the results show
significant negative effects of inclusive schooling on educational achievement. However, the effects are of
moderate size. If the effects do not persist over time and are absent or significantly diminished when students
enter the labor market, inclusive education may ultimately be less harmful than the previous results suggest.
As special needs students potentially graduate from secondary school with a regular degree, it is possible
that mainstreaming may even be beneficial overall. A regular degree is considerably more valuable and
potentially enables students to enter VET and regular employment, as opposed to graduating from special
education institutions, which commonly leads to supported employment and education and, often, a life-long

dependence on social security.

I5We rely on splines for flexibility and convenience. The results from a global polynomial parametric specification are similar.
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For these reasons, we consider the effects of class composition on outcomes over a prolonged time hori-
zon, focusing on the choice of post-compulsory education and labor market outcomes such as employment
and income. The results in Table 4 are the peer effect estimates for post-compulsory education. The model
in column 1 indicates that a higher exposure to special needs students reduces the probability of enrolling
in post-compulsory education. The effect size is moderate; adding one additional SN student to a class of
20 in secondary school reduces the probability of enrolling in VET or the academic preparation track (high
school) by 0.44 percentage points.'6

In column 2, we examine the composition of post-compulsory education, comparing enrollment in the
vocational track with enrollment in the academic preparation track. We find that higher levels of exposure
to SN peers most likely does not impact the composition of the vocational compared to the academic track.
The estimate is positive, indicating an average shift towards vocational education, but statistically indistin-
guishable from zero. This indicates that exposure to SN students has equal effects on the probability of
enrolling in VET or high school.

Next, we examine sorting within vocational education (column 3). There are quality differences across
VET programs. For many occupations, both a high- and a low-quality track is available. Tracks differ in
their curricula, duration, and expected pay. The results show that exposure to SN students robustly reduces
the probability of enrolling in the high-quality VET track. Adding one additional SN student to a class of
20 reduces the probability of enrolling in the high-quality VET track by 0.59 percentage points.

For all specifications, the overall effects (panel A) are qualitatively comparable to those for SN students
(panel B) and non-SN students (panel C). Similar to the previous results, estimates for SN students are
slightly larger. However, none of the estimates is excessively large. Overall (panel A, column 1), a one-
standard-deviation increase in the proportion of special needs students in a class causes a 1.5 percentage

point decrease in the propensity to pursue post-compulsory education. This amounts to a moderate 1.8%

16Note that the number of observations for analyses on post-compulsory education and labor-market outcomes is lower due to
mechanical attrition. Younger cohorts in our data have not yet completed compulsory education. See section 3 for more details.

28



reduction relative to baseline enrollment and corresponds to 3.9% of a standard deviation in enrollment.

[ Table 4 here ]

Finally, we consider the effects of class composition on long-run labor market outcomes, focusing on
employment (measured in months per year) and monthly earnings. Unlike previous outcome measures, the
labor market outcomes are not observed once at a single point in time that is the same for all individuals. Test
scores, for example, are sampled once in grade eight for all students. In contrast, labor market information
is available for all years from 2008 to 2016. This naturally leads to different, cohort-dependent coverage
lengths, as older cohorts enter the labor market earlier. We address this issue by choosing different aggrega-
tion functions (average, maximum) and focusing on the most recent observation period 2016 (for which we
observe the largest number of people). Additionally, cohort fixed effects are included in all specifications
to account for cohort-specific experience and coverage. The results are shown in Table 5, where wages are
expressed in logs, and the coefficients in columns 4-6 can be interpreted as semi-elasticities.

Regarding employment, we do not find an effect on the average number of months employed per year
(panel A, column 1), the maximum number of months employed (column 2), or employment in the last
registered year (column 3). Regarding income, we find a moderate decrease in the amount of monthly
income caused by differential exposure to SN students in secondary school. The estimate for log average
earnings is negative but insignificant (column 4), while the estimate for highest earnings is slightly larger
and marginally significant (column 5). Finally, the estimate for earnings observed in 2016 is negative and
highly significant (column 6).

We prefer the specifications in columns 3 and 6, because considering outcomes at a fixed point in time
together with the cohort-specific effects accounts for possible experience effects and does not artificially
depress positive labor market gradients. Aggregating over labor market histories of varying length (as in

columns 4 and 5) artificially reduces variation due to aggregation, effectively compressing income gradients
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for those with longer labor market histories. Averaging as in column 4 over-weights earnings during VET,
which are regulated and heavily compressed. In contrast, considering the most recent earnings is more likely
to actually capture realized post-VET competitive wages. We confirm this by conditioning the analysis on

individuals with completed VET degrees and find a similarly large effect (panel B, column 6).

[ Table 5 here ]

In summary, the findings indicate that exposure to SN peers has lasting effects. Lower educational
achievement perpetuates as a reduced propensity to pursue (high-quality) post-compulsory education and,
ultimately, lower income after entering the labor market. Bearing this in mind, as with the estimates for post-
compulsory education, the earnings effects are small in size. Adding one additional special needs student to
a class of 20 causes a 0.6% decrease in 2016 monthly earnings. This corresponds to an absolute decrease of

15 USD per month.

6 Implementable Educational Policies

Thus far, this paper has shed light on the spillovers from children with SN within an inclusive school system.
This analysis is positive and has no direct policy implications. In this section, we discuss different educa-
tional policies in light of their ability to alleviate the burden of negative spillovers. We begin by asking the
general question of whether inclusion is preferable to segregation if the overall goal is to maximize average
achievement. Then, we analyze the role of teachers in providing a learning environment in which spillovers

are minimized. Finally, we investigate whether school financial resources help reduce spillovers.

6.1 Inclusion versus Segregation

In our main analysis, we take school inclusion as given. We now consider the possibility of segregated

classrooms, where SN students are separated from non-SN students. The question is whether average test
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scores would be higher or lower under a segregation regime. Graham (2011) proposes a methodology to
solve the problem of a social planner who maximizes average test scores by optimally allocating children to
classrooms. Denote by g the share of children with SN in the classroom and by pgsy the share of children
with SN in the population. Let mgy,(¢) and mgy, (¢) be the outcome functions for children without SN and
children with SN, respectively, and m(g) be the overall outcome function, a weighted average of mgy, (g)
and mgy, (¢). As in the main peer effects estimations, we assume that peers and teachers are randomly
allocated to classrooms, that spillovers occur only within classrooms, and that peers of the same type are
exchangeable.

The aim of the social planner is to maximize overall outcomes m(q) under the restriction that the shares

of children with SN in each group sum the total share of SN in the population, that is,

max [m(@)fol@)da st [afol@)da=psy. @)

Fo(-)

Given knowledge of the overall outcome function and the share of SN students in the population, the planner
chooses a distribution of group composition. This is a maximization problem of functions and not trivial to
solve in general. However, in the special cases in which m(q) is either globally concave or globally convex,
the solution is straightforward. If m(q) is globally concave, the optimal solution is inclusion. On the other
hand, if m(q) is globally convex, the optimal solution is segregation.

To obtain estimates of the type-specific outcome functions mgy, (¢) and mgy, (¢), we rely on our main
specification and include a global cubic polynomial in the share of SN children per class ¢ interacted with
individual SN status. Using a simple interacted polynomial specification has the advantage that aggregation
and differentiation of the outcome functions is straightforward while the estimated functions remain flexi-

ble.!” The outcome is the standardized composite test score introduced in our main analysis, and the regres-

17The estimates closely resemble the cubic splines presented in Section 5.2. Alternative estimates using multivariable fractional
polynomials lead to comparable outcome functions.
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sion includes the same set of fixed effects and covariates as in the baseline specification. We then aggregate
the estimated partial outcome functions into the overall outcome function m(q) = (1 —q)msy, (q) +gmsn, ()
and derive the first and second derivative m’(g) and m” (q).

Figure 4(a) depicts the outcomes for students with and without SN as a function of the share of SN
students in a class and the overall outcome function, which is the weighted average of the two. Consistent
with our previous results, the outcome functions are decreasing and stronger peer effects can be expected if
the fraction of peers with special needs is larger. This is reflected in Figures 4(b) and (c), which show the
first and second derivative of the overall outcome function. The first derivative of m(q) is negative for all
values of g and decreasing. The curve also increases in steepness, reflecting the finding presented previously
that, after a threshold value, higher shares of SN classmates lower test scores. The second derivative is
negative for all values of g between 0.04 and 0.93, indicating that the outcome function is concave in any
reasonable neighborhood of p = 0.25. This result also suggests that segregation may become the optimal
policy to maximize average test scores if the share of special needs children among the student population
is sufficiently large. However, this threshold value is far above the share of special needs students observed

in any country.

[ Figure 4 here ]

The concavity of the outcome function over large parts of its support implies that even in the presence
of negative spillovers, segregated schooling is not optimal from a social planner’s perspective. The intuition
behind this result is the following: while the test scores of students without SN decrease if they share a
classroom with children with SN, this effect is relatively small. Conversely, students who have SN them-
selves suffer from stronger negative externalities due to other SN peers. Therefore, segregation would lead
to a strong reduction in test scores for students with SN, while it would only yield a moderate increase in

test scores for students without SN. Given the non-negligible baseline SN rate in the student population, the
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loss for SN students is not compensated by the gain for students without SN.

Given the overall preference for inclusion, we can quantify the potential gains from a feasible and
low-cost policy, namely from composing more equal classes in terms of SN students. Using the outcome
functions presented in Figure 4, we estimate the predicted outcome under the current observed class compo-
sition and compare it to the predicted outcome under equal proportions of SN students in all classes within a
specific school, track, and cohort.!® The results suggest that the overall increase in average test scores would
amount to 0.6% of a standard deviation. The gains would be slightly larger for SN students (0.70%) than for
students without SN (0.47%). The modest size of these potential gains is not entirely surprising, given that
the balancing tests presented previously show that the assignment of SN students to classes within the same
school-track-year cell is quasi-random. However, we can study the heterogeneity in the potential gains with
respect to the variation between classes belonging to the same cell. By doing so, we should expect larger
potential gains for those cells with more unbalanced distributions of SN students across classes. Appendix
Figure A.4 presents the results and confirms this hypothesis: larger potential gains in test scores occur in

cells where the variation between classes in the proportion of SN students is higher.

6.2 The Role of Teachers

As an inclusive setting is preferable in our case, the question of how to minimize negative spillovers from
SN students remains. It is reasonable to expect that high-quality teachers play a significant role in han-
dling students with SN, especially in an environment where little external support is available. This section
provides suggestive evidence that teacher quality is indeed important for mitigating negative externalities
within the classroom.

While teachers can be identified in the data, there is no further background information on them, and

no direct measure of teacher quality is available. We construct two alternative quality measures following

18This simulates a within-equalization of classes and avoids comparing a potentially infeasible and expensive allocation that would
imply the relocation of students to different schools.
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the literature on teacher effects in education. The first measure is based on the observation that more-
experienced teachers have been shown to increase student achievement (Rockoff, 2004). Although we do
not observe experience, it is possible to divide the sample into teachers that are observed only once in a given
school and others that are observed multiple times. Note that a teacher typically remains with the same class
for three years and thus is unlikely to be observed more than four times during the period under analysis,
even if he or she is continuously working at the same school. This measure is with error, because there are
several reasons that a teacher is observed only once that are not necessarily linked to low experience (e.g.,
retirement).

As it is difficult to measure experience with the data at hand, and because some researchers find that
experience is not necessarily linked to teacher quality (Rivkin, Hanushek, and Kain, 2005), we construct a
second measure based on teacher value added (VA). To do so, we take the standard approach to estimate
teacher VA (e.g., Chetty, Friedman, and Rockoff, 2014) and retrieve the teacher fixed effects in a regression
of the composite test score on individual and class characteristics, including the share of SN students. Since
we control separately for school-by-track FE and time FE, the comparison of teacher quality is within
schools and tracks but potentially over different years (we use the same specification as in column 4 of
Table A.3 in the supplementary material). We then divide the teachers into two groups, the first having
negative FE and the second having positive FE.!?

Table 6 shows the results of the baseline estimation in the different subsamples defined by the two
measures of teacher quality. First, note that the effect of own SN status on test scores remains remarkably
stable, with only a slight decrease in the effect for high-VA teachers. In contrast, the peer effect parameter
changes depending on the subsample under analysis. Focusing on the experience measure (columns 1 and
2), we find that a higher proportion of SN peers significantly decreases test scores in classrooms with both an

experienced teacher and inexperienced teacher. However, the effect size appears to be larger in classrooms

19The correlation between the two teacher quality measures is positive and significant at the 5% level but quite small (0.07).
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with non-experienced teachers. This difference in magnitude should be interpreted with caution, because
the two coefficients have overlapping 95% confidence bounds.

Columns 2 and 3 in Table 6 show the estimates for the VA model. We find that classes taught by teachers
with low VA (i.e., those with a negative fixed effect) exhibit negative SN externalities in line with our main
analysis. In classrooms with teachers with high VA (i.e., those with a positive fixed effect), we instead
observe much smaller negative spillovers. The SN peers parameter remains negative but is not statistically
different from zero at conventional levels of significance (p-value = 0.16). This result implies that reducing
classroom spillovers is possible and that teachers might play an important role in such reduction. While we
are unable to examine which teacher characteristic or practice is driving this result, these findings add to
the recent literature on the impact of good teachers on student outcomes (e.g., Hanushek and Rivkin, 2012;

Jackson, Rockoff, and Staiger, 2014).

[ Table 6 here ]

To summarize, our examination of the teacher effect suggests that teachers matter and that they play an
important role in the emergence of spillovers in inclusive education. Nonetheless, the results should be in-
terpreted with caution, because we do not possess comprehensive information about teachers to conclusively

determine which teacher practices or teacher characteristics are associated with the quality measures.

6.3 School Resources

One additional channel potentially influencing classroom externalities is school resources. School districts
with higher spending per student might be able to improve school inputs such as student-to-teacher ratios,
teacher salaries, or services for special education students. The question of whether school spending affects
student academic performance in general has been extensively studied since the Coleman Report (Coleman

et al., 1966). The Coleman Report indicates that variation in spending per student in the U.S. is unrelated to
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variation in student achievement in standardized tests. In his review of the topic, Hanushek (2003) confirms
the findings of the Coleman Report. In contrast, more recent studies suggest that increases in per student
spending during K-12 lead to more completed years of education, higher wages in adulthood, and reductions
in adult poverty incidence (Jackson, Johnson, and Persico, 2016). While we do not directly extend this strand
of literature, we examine whether per student spending in secondary school is correlated with the magnitude
of the classroom externalities measured in the main analysis.

To do so, we proceed in two steps. First, we collect detailed data on school spending in 2017 for each
municipality in the canton of St. Gallen. The data are made available from the official accounts published
by each municipality at the end of the fiscal year. We focus on secondary school spending because our
analysis covers that education level, and we choose the year 2017 because it offers the highest coverage.
The per student spending is calculated by dividing total secondary school spending by secondary school
enrollment, which is provided by the Ministry of Education of St. Gallen. We were able to collect data
on 49 municipalities, covering 128 of the 155 school-tracks. The data show that municipalities spend on
average 15,520 Swiss Francs (approximately 15,675 USD) per secondary school student. This figure is
higher than both the OECD average (10,106 USD) and the corresponding figure in the U.S. (12,995 USD)
but consistent with the Swiss national average of 15,022 USD (OECD, 2017).

In a second step, we estimate the baseline model and include an interaction between the proportion
of SN peers and per student secondary school spending. The coefficient on such interaction term is not
statistically different from zero (p-value = 0.44). We can also calculate the correlation — weighted by
district size — between the SN peer effect and spending per student at the district level. This correlation
is positive (correlation of 0.21) and would suggest that as spending per student increases, the externalities
from SN peers become less negative. However, this correlation is not statistically significant at conventional
levels (p-value = 0.15). We thus conclude that if spending per student plays a role in mitigating classroom

externalities, this role is likely to be marginal.
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7 Conclusion

This paper evaluates the effect of SN class composition on individuals’ achievement, educational choices,
and labor market outcomes for the student population of the Swiss region of St. Gallen between 2008 and
2017. To do so, we utilize a unique data set in which student performance in a standardized test is matched to
psychological examination records compiled by the School Psychological Service, post-compulsory educa-
tion career choices, and labor market histories from the social security administration. Because SN status is
determined in primary school, students have SN for a reason exogenous to their peers in secondary school.
This feature allows us to estimate peer spillovers free of the reflection problem that has been difficult to
overcome in the peer effects literature. Using these data, we can control for school-by-track-by-year-specific
effects and thereby identify spillovers by comparing classes with idiosyncratically high proportions of SN
peers to classes in the same school-track cohort with idiosyncratically low proportions of SN peers.

We consistently find that having higher levels of SN students in a class lower peers’ achievement. The
incidence of negative spillovers is disproportionately on other SN students and students at the bottom of the
achievement distribution, while students who perform well are less affected. This partly corroborates the
result obtained by Hanushek, Kain, and Rivkin (2002), who find that sharing a classroom with special edu-
cation students does not necessarily impede the achievement of regular education students. In addition, we
demonstrate that the intensive margin matters and that the effect is driven primarily by students with severe
SN, indicating that these students generate larger negative externalities for classroom education production.
There are important threshold effects of composition: negative spillovers for other class peers are contingent
on there being several SN students, indicating that disruptive influences exacerbate in conjunction.

This paper provides new insights on the “bad apple” principle in education (Carrell and Hoekstra,
2010; Lazear, 2001). In classroom education, the extent to which one student is able to learn during class
time depends on the behavior of others in the class. If SN students take away learning time (e.g., through

disruption or their need for the teacher’s attention), a single SN student can impair the learning outcomes of
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all other students in the classroom. The results suggest that the bad apple principle may emerge if sufficiently
many SN students — 15-20% according to our estimates — are grouped in the same classroom.

The results have important implications for education policy, suggesting that mainstreaming, although
it induces moderate negative externalities on other students, is preferable to a policy of full separation.
This policy contribution is complemented by the ancillary findings on the role of teachers and spending per
student, which show that mitigating the negative externalities is possible. Bearing this in mind, schools and
service providers should improve information exchange and early screening to deliberately guide classroom
composition, such that SN students are distributed evenly across classes. Where the budget allows, classes
should be set such that the number of special needs students in a class never exceeds a critical threshold.
Finally, since negative spillovers in our study are driven especially by those students with extreme SN, there
may be potential benefits to separating students at the upper end of the SN distribution who exhibit severe
behavioral disorders. Further research regarding the optimal allocation of students is needed to derive a

more definitive answer.
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Tables and Figures

Table 1: Descriptive Statistics

(D 2 3) 4)
Mean SD Min Max

A. Special needs (N = 49,961)

Special needs student 0.255 0.436 0.00 1.00
Number of special needs peers 4395 2742  0.00 15.0
Proportion of special needs peers 0.254 0.170 0.00 0091
Learning impairment 0.181 0.385 0.00 1.00
Behavioral problem 0.061 0.239 0.00 1.00
Number of consultations 2.030 4.666 0.00 144
B. Achievement (N = 49,961)
Test score: Composite (standardized) 0.000 1.000 -4.61 4.29
Test score: Math (standardized) 0.000 1.000 -4.52 3.85
Test score: German (standardized) 0.000 1.000 451 4.05
C. Post-compulsory education (N = 40,730)
No post-compulsory education 0.176 0381 0.00 1.00
Vocational education track 0.672 0470 0.00 1.00
Academic preparation track 0.153 0360 0.00 1.00
D. Labor market outcomes (N = 26,429)
Employment (mos/yr): average 10.73  2.173  1.00 12.0
Employment (mos/yr): maximum 1154 1722 1.00 12.0
Employment (mos/yr): last registered year 10.85 2,510 1.00 12.0
Monthly earnings: average 1,864 937.0 241 4,418
Monthly earnings: maximum 2,803 1,583 268 6,690
Monthly earnings: last registered year 2,563 1,593 179 6,148
E. Covariates (N = 49,961)
Female 0.498 0.500 0.00 1.00
Native speaker 0.853 0.355 0.00 1.00
Age at test 1491 0.709 120 17.0
Classroom size 19.17 3.671 10.0 31.0

Notes: Descriptive statistics for the main estimation sample, based upon 2,723 classes from 155
school-tracks. The last registered year in the social security data is 2016. Data are from the
School Psychological Service St. Gallen, the Ministry of Education of the canton of St. Gallen,
the Stellwerk test service provider, the Swiss Federal Statistical Office, and the Swiss Central
Compensation Office.
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Table 2: Estimates of the Effect of SN Class Composition on Student Achievement

(H (2) (3)
Composite Composite Composite
test score test score test score

A. All students (N = 49,961)

Proportion of SN peers —0.682%*%*  _0.640%**  —(0.509%**
(0.079) (0.077) (0.070)
Own SN status —0.119%*%*  —0.103%**  —0.097%**

(0.009) (0.009) (0.008)

B. Non-SN students (N = 37,236)
Proportion of SN peers —0.598%**  _0.560%**  —0.447***
(0.080) (0.078) (0.073)
C. SN students (N = 12,725)

Proportion of SN peers —0.807***%  —0.760%**  —0.601%**
(0.113) (0.108) (0.096)

School-by-track-by-year FE v v v
Classroom size v v v
Student-level covariates v v
Classroom-level covariates v

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors clustered at the class-
room level are in parentheses below the coefficients. The dependent variable is the stan-
dardized composite math and German test score. The proportion of SN peers is scaled
from O to 1, and to calculate the impact of 1 student in a class of 20, divide the esti-
mated peer parameter by 20. Student-level covariates include indicators for gender, age,
and native speaker. Classroom-level covariates include peers’ average age, proportion of
girls, and proportion native speakers. Data are from the School Psychological Service St.
Gallen, the Ministry of Education of the canton of St. Gallen, the Stellwerk test service
provider, the Swiss Federal Statistical Office, and the Swiss Central Compensation Office.
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Table 3: Heterogeneity Analysis by Severity and Type of Special Needs

ey ) 3)
Composite Composite Composite
test score  testscore  test score

A. Severity of special needs

Peers’ number of consultations —0.002%%*
(0.001)
Proportion of SN peers —0.308%***
0.111)
Proportion of peers with severe SN —0.734#%*
(0.135)
Proportion of peers (bottom SN quartile) —0.436%**
(0.118)
Proportion of peers (second SN quartile) —0.380%**
0.111)
Proportion of peers (third SN quartile) —0.384***
(0.122)
Proportion of peers (top SN quartile) —1.016%**
0.137)
Own SN status —0.085***  —0.087***  —0.066%**
(0.010) (0.008) (0.008)

B. Type of special needs

Proportion of peers with learning impairment —0.588%*** —0.615%**
(0.080) (0.080)
Own learning impairment status —0.113%** —0.120%**
(0.009) (0.009)
Proportion of peers with behavioral problem —0.255%*  —0.377%%**
(0.121) (0.118)
Own behavioral problem status —0.038***  —0.067***
(0.014) (0.014)
School-by-track-by-year FE v v v
Classroom size v v v
Student-level covariates v v v
Classroom-level covariates v v v
Observations 49,961 49,961 49,961

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors clustered at the classroom level
are in parentheses below the coefficients. The dependent variable is the standardized composite math
and German test score. The proportion of SN peers is scaled from O to 1, and to calculate the impact of
1 student in a class of 20, divide the estimated peer parameter by 20. Student-level covariates include
indicators for gender, age, and native speaker. Classroom-level covariates include peers’ average age,
proportion of girls, and proportion native speakers. Data are from the School Psychological Service St.
Gallen, the Ministry of Education of the canton of St. Gallen, the Stellwerk test service provider, the
Swiss Federal Statistical Office, and the Swiss Central Compensation Office.
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Table 4: Estimates of the Effect of SN Class Composition on Post-Compulsory Education Outcomes

ey

Post-compulsory  Vocational track
education started

@

(vs. academic)

3
High quality

vocational track

A. All students

Proportion of SN peers —0.088%*** 0.029 —0.118%**
(0.021) (0.028) (0.026)
Own SN status 0.016%** 0.006 —0.012%*
(0.005) (0.004) (0.005)
Observations 40,730 33,566 27,354
B. Non-SN students
Proportion of SN peers —0.072%** 0.038 —0.080%**
(0.024) (0.036) (0.027)
Observations 30,074 24,786 19,465
C. SN students
Proportion of SN peers —0.097%%* —-0.007 —0.172%%*
(0.039) (0.031) (0.054)
Observations 10,656 8,780 7,889
School-by-track-by-year FE v v v
Classroom size v v v
Student-level covariates v v v
Classroom-level covariates v v v

Notes: **#*% p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors clustered at the classroom level are
in parentheses below the coefficients. The proportion of SN peers is scaled from O to 1, and to calcu-
late the impact of 1 student in a class of 20, divide the estimated peer parameter by 20. Student-level
covariates include indicators for gender, age, and native speaker. Classroom-level covariates include
peers’ average age, proportion of girls, and proportion native speakers. Data are from the School Psy-
chological Service St. Gallen, the Ministry of Education of the canton of St. Gallen, the Stellwerk test
service provider, the Swiss Federal Statistical Office, and the Swiss Central Compensation Office.
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Table 6: Estimates of the Effect of SN Peer Externalities by Teacher Type

(H 2 3 4
Not experienced Experienced  Low VA High VA
teacher teacher teacher teacher
Proportion of SN peers —(0.823#** —0.483***  _(.507*** -0.113
(0.241) (0.080) (0.099) (0.080)
Own SN status —0.010%:** —0.099%** 0, 112%**  —0,060%**
(0.024) (0.009) (0.012) (0.011)
School-by-track-by-year FE v v v v
Classroom size v v v v
Student-level covariates v v v v
Classroom-level covariates v v v v
Observations 7,825 42,136 20,838 29,123

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors clustered at the classroom level are in
parentheses below the coefficients. The dependent variable is the standardized composite math and German
test score. The proportion of SN peers is scaled from 0 to 1, and to calculate the impact of 1 student in a
class of 20, divide the estimated peer parameter by 20. Student-level covariates include indicators for gen-
der, age, and native speaker. Classroom-level covariates include peers’ average age, proportion of girls, and
proportion native speakers. Data are from the School Psychological Service St. Gallen, the Ministry of Ed-
ucation of the canton of St. Gallen, the Stellwerk test service provider, the Swiss Federal Statistical Office,
and the Swiss Central Compensation Office.
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Figure 1: Average Test Score by Proportion of Special Needs Peers
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Notes: The lines are obtained by performing a kernel-weighted local polynomial regression of test scores
on the proportion of SN peers. Data come from the School Psychological Service St. Gallen, the Ministry
of Education of the canton of St. Gallen, the Stellwerk test service provider, the Swiss Federal Statistical
Office, and the Swiss Central Compensation Office.
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Figure 2: Quantile Treatment Effects of Special Needs Peers
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Notes: The figure depicts estimates from our main model using unconditional quantile regressions a
la Firpo, Fortin, and Lemieux (2009). Data are from the School Psychological Service St. Gallen, the

Ministry of Eduction of the canton of St. Gallen, the Stellwerk test service provider, the Swiss Federal
Statistical Office, and the Swiss Central Compensation Office.
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Figure 3: Nonlinear Effects of Special Needs Peers

A. Predicted test scores (with 95% confidence intervals)
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Notes: The estimates are based on restricted cubic splines applied to our main specification. Data
are from the School Psychological Service St. Gallen, the Ministry of Education of the canton of
St. Gallen, the Stellwerk test service provider, the Swiss Federal Statistical Office, and the Swiss
Central Compensation Office.
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Figure 4: Estimated Outcome Functions and First and Second Derivatives

A. Outcome functions
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Notes: The lines are obtained by performing a regression of test scores on a
cubic polynomial of the proportion of SN peers interacted by SN status. Data
are from the School Psychological Service St. Gallen, the Ministry of Educa-
tion of the canton of St. Gallen, the Stellwerk test service provider, the Swiss
Federal Statistical Office, and the Swiss Central Compensation Office.
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A Appendix: Supplementary Material

Table A.1: Construction of the Sample

Observations

Raw data 54,451
Segregated special schools - 1,265
Missing covariates - 6
Missing test scores - 464
Age restriction (12-17) - 115
Segregated classrooms - 275
Class size restriction (10-31) - 2,365
Final sample 49,961

Notes: Data are from the School Psychological Service St. Gallen,
the Ministry of Education of the canton of St. Gallen, the Stellw-
erk test service provider, the Swiss Federal Statistical Office, and the
Swiss Central Compensation Office.



Table A.2: Sensitivity Analysis: Outcome and Treatment

(D 2 3) “ &) (6)
Math German  Composite Composite Composite Composite
test score  testscore  testscore  testscore  testscore  test score

Proportion of SN peers —0.405%*%*  —0.534%%*  _0.466%**

(classroom) (0.069) (0.069) (0.070)
Proportion of SN peers —0.198%***

(cohort) (0.063)
Number of SN peers —0.021%**

(0.004)
At least one SN peer —0.060%**
(0.027)
Own SN status —0.091#**  —0.087***  —0.048***  —0.093***  _(0.084%**  _(.093%**
(0.009) (0.009) (0.016) (0.008) (0.008) (0.008)

(Own SN status) x —0.167***

(Proportion of SN peers) (0.046)
School-by-track-by-year FE v v v v v
School-by-track FE v
Year FE v
Classroom size v v v v v
Cohort size v
Student-level covariates v v v v v v
Classroom-level covariates v v v v v
Cohort-level covariates v
Observations 49,961 49,961 49,961 49,961 49,961 49,961

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors clustered at the classroom level (cohort level for column
5) are in parentheses below the coefficients. The dependent variable in columns (3)-(6) is the standardized composite math
and German test score. The proportion of SN peers is scaled from O to 1, and to calculate the impact of 1 student in a class of
20, divide the estimated peer parameter by 20. Student-level covariates include indicators for gender, age, and native speaker.
Classroom-level and cohort-level covariates include peers’ average age, proportion of girls, and proportion native speakers.
Data are from the School Psychological Service St. Gallen, the Ministry of Education of the canton of St. Gallen, the Stellwerk
test service provider, the Swiss Federal Statistical Office, and the Swiss Central Compensation Office.
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Table A.3: Sensitivity Analysis: Fixed-Effects and Sample Restrictions

ey 2 3) “ ®) (6)
Composite Composite Composite Composite Composite Composite
test score  testscore  testscore  testscore  testscore  test score

Proportion of SN peers —0.467***  —.395%%*  _(.132%* —0.098* —0.498%**  .339%**
(0.061) (0.058) (0.052) (0.051) (0.095) (0.102)
Own SN status —0.090%**  —0.089***  —0.073***  _0.072%**  —0.122%**  _.063%**

(0.008) (0.008) (0.008) (0.008) (0.012) (0.012)

Low-ability track v v v v v

High-ability track v v v v v
School-by-track FE v v v v

Year FE v v v v

Teacher FE v v

School-by-year FE v v
Classroom size v v v v v v
Student-level covariates v v v v v v
Classroom-level covariates v v N v
Observations 49,961 49,961 49,961 49,961 18,151 31,810

Notes: *** p < 0.01, ** p < 0.05, and * p < 0.10. Standard errors clustered at the classroom level are in parentheses be-
low the coefficients. The dependent variable is the standardized composite math and German test score. The proportion of SN
peers is scaled from O to 1, and to calculate the impact of 1 student in a class of 20, divide the estimated peer parameter by
20. Student-level covariates include indicators for gender, age, and native speaker. Classroom-level covariates include peers’
average age, proportion of girls, and proportion native speakers. Data are from the School Psychological Service St. Gallen,
the Ministry of Education of the canton of St. Gallen, the Stellwerk test service provider, the Swiss Federal Statistical Office,
and the Swiss Central Compensation Office.
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Figure A.1: Distribution of Class Size and Special Needs Peers

A. Distribution of class size
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Notes: Data are from the School Psychological Service St. Gallen, the Ministry of Education
of the canton of St. Gallen, the Stellwerk test service provider, the Swiss Federal Statistical
Office, and the Swiss Central Compensation Office.
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Figure A.2: Distribution of Test Scores
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Notes: Data are from the School Psychological Service St. Gallen, the Ministry of Education of the canton of St.

Gallen, the Stellwerk test service provider, the Swiss Federal Statistical Office, and the Swiss Central Compensation
Office.



Figure A.3: Sensitivity to the Definition of Special Needs
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Notes: Data are from the School Psychological Service St. Gallen, the Ministry of Education of the canton of St.
Gallen, the Stellwerk test service provider, the Swiss Federal Statistical Office, and the Swiss Central Compensation

Office.
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Figure A.4: Distribution of Potential Gains from Balanced Allocation of SN Students to Classes
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Notes: Data are from the School Psychological Service St. Gallen, the Ministry of Education of the canton of St.
Gallen, the Stellwerk test service provider, the Swiss Federal Statistical Office, and the Swiss Central Compensation
Office.
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B Appendix: Randomization and Balancing Tests

To test the validity of the identification strategy, we perform three sets of balancing tests. First, we test
whether the proportion of SN peers predicts individual baseline characteristics (gender, native speaker, and
age). The aim of this test is to detect potential selection into classrooms. Second, we regress the indicator
for SN status on class fixed effects, which should be jointly insignificant if assignment to classroom is
random with respect to SN status (for a detailed explanation of this method see Chetty et al., 2011). Third,
we conduct a simulation exercise in the spirit of Carrell and West (2010). We re-sample classes, randomly
assign SN students to classes, and test whether the observed distribution of SN students differs from the
simulated one. This procedure should uncover any worrisome pattern in the assignment of SN students to
classes.

Appendix Table B.1 shows the results for the first balancing test, presented for both the classroom level
(panel A) and the cohort level (panel B). Each regression controls for the relevant fixed effects (school-track-
year for classroom identification and school-track plus year for cohort identification), class (cohort) size,
own SN status, and we progressively add student-level covariates and classroom-(cohort-)level covariates.
None of the coefficients in Table B.1 is statistically significant and, in addition, the size of the effects are
quite small in comparison to those presented in the main analysis. We also test for joint significance of
the individual characteristics by regressing the proportion of SN peers on gender, native speaker, and age
(along with the relevant fixed-effects, class/cohort size, and own SN status). We cannot reject the null
hypothesis that the coefficients on gender, native speaker, and age are jointly zero, with a p-value of 0.332
using identification at the classroom level and 0.499 using identification at the cohort level.

Although we find no evidence for selection into classrooms according to observable characteristics, we
might suspect selection into classroom based on unobservables. For this reason, in the second balancing test
we examine whether the classroom indicator (i.e., classroom fixed effects) predicts SN status. To do so, we

proceed in two steps. First, we regress SN status on the school-by-track-by-year fixed effects and retrieve
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the residuals from such regression. Second, we regress the residuals from the first step on classroom fixed
effects and test whether these fixed effects are jointly significant. The resulting F-statistics is 0.564, well
below the critical value of 1.00 required for 10% significance.

The third randomization check is simulation-based. For each class in a school-track, we re-sample
10,000 classes of the same size from the corresponding cell and calculate the average exposure to SN stu-
dents. For every set of re-sampled classes, we calculate an empirical p-value as the proportion of simulations
with exposure smaller than that observed in the original class. If class composition is random, the distribu-
tion of p-values within a school-track should be approximately uniform, which is testable using a one-sample
Kolmogorov-Smirnov test. We reject uniformity one time out of 156 (i.e., 0.6% of cases), indicating that
assignment of SN students to classes appears to be random. Overall, all the balancing tests we performed
indicate that the key identification assumption of quasi-random assignment of SN students to classes is

plausible.
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