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a b s t r a c t

This paper examines heterogeneity of school preferences between ethnic and social groups and quantifies
the importance of this heterogeneity for school segregation. We use rich data from the secondary-school
match in Amsterdam. Our key findings are that heterogeneity of preferences for schools is substantial and
that 40% of school segregation by ethnicity and close to 25% of school segregation by household income,
can be attributed to it. Ability tracking is the other main determinant of school segregation. Results from
policy simulations indicate that minority quotas reduce segregation within ability tracks considerably,
but this comes at the cost of many students receiving less-preferred assignments and a higher share of
unassigned students.

� 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Many cities have populations that are diverse by ethnicity and
social background. This diversity is often not mirrored by the com-
position of schools, which tend to be segregated. School segrega-
tion is considered undesirable because it may increase
achievement gaps between students from different backgrounds
(Card and Rothstein, 2007; Billings et al., 2014) and may even have
adverse consequences for inequality and integration of disadvan-
taged groups more broadly (Stoica and Flache, 2014; Burgess and
Platt, 2018; Billings et al., 2019; Rao, 2019).

To design policies that can reduce school segregation, knowl-
edge about its driving forces is indispensable. While heterogeneity
in school preferences between groups is a likely determinant of
school segregation (Stoica and Flache, 2014), it is challenging to
isolate the role of this factor. There are two reasons for this. First,

schools often have catchment areas or give priority to students
who live nearby. In such cases, school preferences may determine
households’ location choices, making it difficult to disentangle
heterogeneity of school preferences from residential segregation.
Second, even if we ignore the endogeneity of location choices,
information about students’ school preferences is often not avail-
able because there is no centralized assignment system or the sys-
tem that is in use is not strategy proof such that students may not
report their true preferences.

In this paper we analyze school segregation in the context of
secondary education in the city of Amsterdam. The population of
Amsterdam is diverse. Slightly over 50% of the school-aged popula-
tion have a non-western background (first, second or third gener-
ation immigrant). Half of them originate from Morocco or Turkey
and thus have a different cultural and religious background than
the native population.1 A third large group are students from Suri-
name.2 The population of Amsterdam is also diverse in terms of edu-
cation, income and wealth.

The setting of secondary schools in Amsterdam has two features
that are helpful for measuring the role of preference heterogeneity
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1 The first migrants from Turkey and Morocco arrived in the 1960s when there was
a shortage of unskilled labor in the Netherlands. Initially it was expected that these
‘‘guest workers” would only stay temporarily in the Netherlands. Many of them,
however, had their families coming over to the Netherlands and many of the
grandchildren of the first wave of migrants are now in secondary schools in the
Netherlands.

2 Until 1954 Suriname was a Dutch colony. Many people from Suriname came to
the Netherlands in 1975 when the Suriname became independent, and in 1980 which
was the last year they could freely migrate to the Netherlands.
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for school segregation. The first feature is that secondary schools in
Amsterdam have no catchment areas and that priority rules based
on home-school distances are prohibited. Apart from traveling dis-
tance to school, there are therefore no reasons to choose a residen-
tial location based on school preferences.

The second feature is that from 2015 onwards, schools in Ams-
terdam use the deferred acceptance (DA) mechanism to assign stu-
dents to schools.3 Each student submits a rank-ordered list (ROL) of
preferences for schools. A small share of students are placed with
priority, all others are ranked on the basis of a lottery. The length
of a student’s ROL is unrestricted and there is no default school in
case a student does not submit a list. A key feature of the DA-
mechanism is that it is strategy proof so that it is in students’ best
interest to submit a list that ranks schools according to their true
preferences. This property is explicitly communicated to parents
and students. We use the data from this secondary-school match
and combine this with register data on students’ ethnicity and
household income.

For the analysis of segregation in secondary schools in Amster-
dam, ability tracking is a relevant feature of the Dutch education
system. When students move from primary school to secondary
school (around the age of 12), they are assigned to one of four
tracks (vocational-elementary, vocational-theory, college, univer-
sity) based on the decision of their primary-school teacher. This
decision is informed by a nationwide testing system that follows
students from age 6 onwards. Students cannot choose a school that
does not offer their assigned track.4 Because students from different
ethnic and income groups are not evenly spread across ability tracks,
42% of school segregation by ethnicity and 61% of school segregation
by household income in Amsterdam is due to ability tracking.

Our analysis consists of three parts. First, we examine whether
students from different ethnic and income groups have different
preferences for schools. We do this using a rank-ordered logit
model in which school fixed effects and distaste for traveling are
allowed to differ for students from different groups. The results
strongly reject that students from different groups have the same
school preferences (i.e. school fixed effects). This result is robust
to modeling variations.

Next, we quantify the importance of preference heterogeneity
for school segregation by computing what segregation would be
under a counterfactual allocation with homogenous preferences.
To construct this counterfactual we give students from different
ethnic (income) groups attending the same track, the same school
preferences. Based on this analysis we conclude that around 70% of
within-track school segregation by ethnicity or by household
income can be attributed to heterogeneous school preferences.
Also this result is robust to modeling variations.

Finally, we simulate policies aimed at reducing segregation.
Between-track segregation could be reduced considerably if the
achievement gap between ethnic/income groups at the end of pri-
mary school would be eliminated. Eliminating this gap, but keep-
ing teachers’ judgements conditional on score and ethnic and
income groups the same, reduces school segregation substantially.
Within-track segregation can be reduced considerably by introduc-
ing minority quota but this comes at the cost of many students
receiving less-preferred assignments and a higher share of unas-
signed students. Minority reserves have almost no potential to
reduce school segregation.

This paper relates to different strands of the literature on school
choice and school segregation. Our analysis of preference hetero-
geneity is related to the expanding literature on the estimation
of students’ school preferences. An important contribution to this
literature is the study by Hastings et al. (2009), who find that
non-disadvantaged parents are more likely to choose better
schools, while disadvantaged families must trade off preferences
for better schools against preferences for a predominantly minority
school. More recent contributions include: Burgess et al. (2015),
Glazerman and Dotter (2017), Pathak and Shi (2017),
Abdulkadiroğlu et al. (2020), Agarwal and Somaini (2018), Ruijs
and Oosterbeek (2019), and Laverde (2020). We are thus not the
first to document heterogeneity in school preferences between stu-
dents from different backgrounds. We are, however, the first to
connect it to school segregation and quantify its importance for
that.5 Several studies examine the properties of different segregation
measures (Frankel and Volij, 2011; Allen et al., 2015; Yamaguchi,
2017). We build on these studies in Section 3 where we introduce
the school segregation measures that we use in this study.

Other studies present descriptive analyses of differences in seg-
regation between cities (Ladd et al., 2011), changes in segregation
over time (Owens et al., 2016; Reardon et al., 2000) or both (Card
et al., 2008). The analyses that these studies conduct are quite dif-
ferent from ours. Reardon et al. (2000) for example, decompose
multiracial school segregation in metropolitan areas into segrega-
tion between various combinations of racial groups (white vs
minority and Black vs Hispanic vs Asian) and geographical units
(central city vs suburbs and within and between districts).

Finally there are studies that examine how specific policy inter-
ventions such as expanded choice (Böhlmark et al., 2016;
Söderström and Uusitalo, 2010; Monarrez et al., 2020), information
provision (Kessel and Olme, 2018a) and changing priority struc-
tures (Kessel and Dany, 2018b) affect segregation. The effects that
these studies find are often small. Our analysis helps to understand
why this is the case.

The rest of this paper is organized as follows. The next section
provides institutional details of secondary school choice in Amster-
dam. Section 3 explains in more detail howwemeasure school seg-
regation, how we analyze the presence of preference
heterogeneity, and how we construct the homogenous preferences
counterfactual to quantify the importance of preference hetero-
geneity for school segregation. Section 4 describes the data. Sec-
tion 5 presents and discusses the main results and Section 6
reports policy simulations. Section 7 summarizes and concludes.

2. Context

This section describes the choice for secondary schools in the
city of Amsterdam, which is the context of our study. It explains
that ability tracking occurs at entry in secondary school and that
(almost) all schools are publicly funded. Next, it describes the
assignment mechanism that schools in Amsterdam use. Informa-
tion about the composition of the student population and the sup-
ply of schools is given in Section 4 where we describe the data.

2.1. Secondary education in the Netherlands

When students in the Netherlands make the transition from pri-
mary school to secondary school, they are around 12 years old. At
this stage, students are assigned to tracks which differ in how aca-
demically demanding they are. We distinguish four tracks:

3 Before 2015 the schools used a version of the adaptive Boston mechanism; see De
Haan et al. (2018) for a comparison of the old and the new mechanisms.

4 Early tracking is common in continental Europe. It occurs in countries like Austria,
Germany, Hungary and Switzerland. The main argument for tracking is the belief that
homogenous classrooms permit better targeted instruction and that this improves
learning outcomes of all students (cf. Hanushek and Woessmann, 2006). Other
countries, including the US, also have ability tracking in the form of ‘‘gifted and
talented” classes and other selective programs.

5 Laverde (2020) also conducts counterfactual analyses based on estimates from
logit models of school preferences. She uses these to understand how differential
preferences for distance and location-independent school characteristics contribute
to racial differences in school achievement at the prekindergarten level in Boston.
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vocational-elementary, vocational-theory, college and university.6

The two vocational tracks last four years and give access to subse-
quent vocational programs. The college track takes five years and
gives access to professional colleges (applied universities). The uni-
versity track takes six years and gives access to university
education.

Which track a student enters is determined by the primary-
school teacher. Students can freely choose among the schools that
offer their assigned track. Schools do not accept students in a track
above their assigned level.7 Some schools specialize in one track,
others offer two or more adjacent tracks. Below we report howmany
schools in Amsterdam offer which combinations of tracks.

Because some schools offer multiple tracks, we can distinguish
between segregation at the school level and segregation at the
school�track level. We refer to the latter type of segregation as
class segregation because students who are in the same track in
the same school are potentially in the same class.

Virtually all schools in the Netherlands are publicly funded and
there are no tuition fees. Schools with a large share of disadvan-
taged students receive extra funding from the government. Conse-
quently schools with a large fraction of disadvantaged students do
not have fewer resources than other schools. All schools prepare
their students for nationwide exit exams at the end of secondary
education. The Dutch Education Inspectorate assesses the quality
of schools and publishes its findings on the Internet. Schools that
receive the lowest quality score for three years in a row are shut
down.

2.2. School assignment in Amsterdam

Since 2015 secondary schools in Amsterdam use the student-
proposing DA mechanism to assign students to schools (Gale and
Shapley, 1962). An attractive feature of this mechanism is that
truth telling is a weakly dominant strategy for students. Under this
system students submit a rank-ordered list (ROL) of their prefer-
ences for schools. The length of this ROL can be as long as the num-
ber of available schools. There are no default schools for students
who submit a short ROL and are not placed in a school on their
ROL.8 Because of the strategy proofness of the system, it is optimal
for students to submit a ROL according to their true preferences. This
property is emphasized in the communication to parents and
students.

There are only a few priority rules. These are based on having
older siblings in the school, having a parent employed by the
school, or a specific pedagogical relationship between the primary
school a student attended and the secondary school on the stu-
dent’s list (Montessori or Dalton). The number of students with
priority is quite small because most schools have been phasing
out priority for siblings or children of personnel. Priority on the
basis of home-school distances is not allowed. There is even no
priority for students living in the city of Amsterdam over students
living outside the city. Ties between students with the same (no)
priority are broken by lottery numbers. Around 80% of the appli-
cants are assigned to the school of their first choice. This share
varies between tracks, and is higher in the vocational tracks
(around 90%) than in the college and university tracks (around
75%).9

3. Empirical framework

This section describes how we analyze heterogeneity of school
preferences between students from different groups (Section 3.1),
and how we quantify the importance of preference heterogeneity
for school segregation (Section 3.2).

3.1. Analyzing preference heterogeneity

Wewant to investigatewhether students fromdifferent ethnic or
income groups have heterogeneous school preferences. We define
this as systematic differences in the school preferences between stu-
dents from different groups net of differences due to home-school
distances. All schools offer the same curriculum, prepare for the
same nationwide final exams, and use Dutch as the language of
instruction. Systematic differences in school preferencesmay, how-
ever, arise because schools can offer specific facilities thatmaymake
the school more attractive for specific groups. These specific facili-
ties are, for example, additional facilities for childrenwho lack place
at home to make homework, special programs in arts, music, dance
or sports, or different shares of teachers frommigrant origin. If such
features appeal differentially to students fromdifferent groups, they
give rise to heterogeneous school preferences.

The ROL’s of students form a rich source of information. Because
the strategy-proof DA mechanism is used, we assume that a stu-
dent’s ROL reports her true ordering of preferences for schools.10

This implies that a higher ranked school gives higher utility than a
lower ranked school and that ranked schools give higher utility than
unranked schools.

To relate the ROL’s of students to characteristics of students and
schools we assume that utility (u�

is) of student i for school (class) s
depends on the distance between the home address and the school,
distaste for traveling (b), school fixed effects (gs), and a random
utility component (eis):

u�
is ¼ bG � distanceis þ gG

s þ eis;

To capture heterogeneity in preferences between students from dif-
ferent ethnic groups or different income groups, we allow school
fixed effects and distaste for traveling to differ between groups
(G).11 Assuming that eis is an i.i.d. draw from a type-I extreme value
distribution, the resulting model is a rank-ordered logit model. Esti-
mation of b’s and gs’s is feasible using maximum likelihood. The like-
lihood contribution of student i from group Gwho can choose from n
schools and ranks k schools in the order s1; s2; . . . ; sk, is:

Li ¼
Yk
j¼1

exp bG � distanceisj þ gG
sj

� �
Pn

m¼j exp bG � distanceism þ gG
sm

� � :

The model imposes the normalization that the variance of the ran-
dom utility term var eisð Þ is the same for both groups (and equal to
p2=6 � 1:64).12 This scale normalization allows to test if the distaste
for traveling is the same for different groups: bG ¼ bG0. We consider
heterogeneity in school preferences by testing if the school fixed
effects are the same across groups (gG

s ¼ gG0
s 8s). We will also plot

the school fixed effects of different groups against each other and
report the (rank) correlation of the group-specific school fixed effects.

Interpreting differences in the school fixed effects as heteroge-
neous preferences for schools between groups, assumes that the

6 The vocational-elementary track consists of two tracks, which we merge for ease
of presentation.

7 Students are allowed to enroll in a track below their assigned track. In practice
this never happens.

8 These students receive an offer from another school in Amsterdam with
remaining capacity. If the student rejects this offer, she can apply to one of the
other schools with remaining capacity.

9 Placement in top choices was lower in 2015 when multiple tie breaking was used
than after the switch to single tie breaking in 2016.

10 Truth telling is actually a weakly dominant strategy, meaning that there may exist
other strategies that lead to the same assignment. We elaborate on this in Section 5.3.
11 Since we use data from three different cohorts (see below), we actually allow the
school fixed effects to differ between group � cohort (year).
12 Also a location normalization is required which we implement by setting the
fixed effect of a baseline alternative (school) equal to zero.
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distance coefficients (bG) measure the distaste for traveling and do
not capturedistance-independentpreferences for schools. The latter
would be the case if students are sorted to live near school that they
prefer, or if households sort based on other unobserved neighbor-
hood amenities that generate correlation between preferences and
school proximity. For the interpretation of the school fixed effects
as school preferences, we thus need to assume that all systematic
correlation between distance to schools and preferences for schools
is captured by group indicators. In Section 5.1we report results from
regressions of group-specific school fixed effects on average home-
school distance and its interaction with a group (ethnicity or
income) indicator. The coefficients of these regressions are not sig-
nificantly different from zero. This lends support for the assumption
that students are not sorted to live near school that they prefer.

We also report results from regressions of the school fixed
effects on other observable school characteristics, including aver-
age test score of incoming students, the average exam score of
graduating students, whether the track that is considered is the
lowest/highest track that the school offers, and the share of disad-
vantaged students in previous year’s incoming cohort. The coeffi-
cients from these regressions are informative about current
choice patterns, they should however not be interpreted causally
because the school characteristics that we examine may be corre-
lated with unobserved characteristics that determine choices (cf.
Abdulkadiroğlu et al., 2020).

To assess the robustness of our findings, we will present results
from different specifications of the logit model (conditional logit
instead of rank-ordered logit, and ROL’s truncated after the first
safe school) and from more flexible specifications of the effect of
home-school distances. We will also present results from specifica-
tions that allow for spatial variation of the group-specific school
fixed effects.

3.2. Quantifying the importance of preference heterogeneity for school
segregation

Using the approach described in the previous subsection, the
results in Section 5.1 will show that students from different ethnic
and income groups have heterogeneous school preferences. To
quantify the importance of this preference heterogeneity for school
segregation, we construct counterfactual school assignments under
homogenous school preferences by giving students from different
groups the same school fixedeffects.We compare segregationunder
this counterfactual with two benchmarks. In the first benchmark
students are randomly assigned to schools within their track. In
the second benchmark all students are assigned to their most-
preferred school. In this subsection we present the expressions of
the segregation index that we use and how the two benchmarks
and the counterfactual with homogenous preferences are
constructed.

We start by decomposing overall school segregation into
between-track and within-track segregation. It is convenient to
use the mutual information index (M) as segregation measure
because it satisfies the so-called strong decomposability property
(cf. Frankel and Volij, 2011). The expression for M in school district
S is:

M Sð Þ ¼ h Sð Þ �
XS

s¼1

psh sð Þ;

where h Sð Þ is entropy in the school district, ps is the market share of
school s, and h sð Þ is entropy in school s.13 Decomposing M Sð Þ into
between-track and within-track segregation gives:

M Sð Þ ¼ M Trackð Þ|fflfflfflfflfflffl{zfflfflfflfflfflffl}
between track

þ
XT
t¼1

wt �Mt Classð Þ|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}
within track

;

where wt is the share of students in track t andMt the mutual infor-
mation index of segregation within track t. This decomposition
requires that units do not belong to multiple tracks. This require-
ment is fulfilled at the class (tracks within schools) level but not
at the school level. For the main analysis, we will therefore report
results using the mutual information index and focus on segrega-
tion at the class level.

We will also report results using the dissimilarity index (D). The

expression for D is 1
2

Pn
i¼1

PLi
PL
� PHi

PH

���
���, where PLi is the number of disad-

vantaged students in school (class) i; PHi is the number of non-
disadvantaged students in school (class) i; PL is the total number
of disadvantaged students, PH is the total number of non-
disadvantaged students, and n is the number of schools (classes).

Both indices D and M range from zero (no segregation) to one
(complete segregation). The value of D can be interpreted as the
proportion of disadvantaged students who would need to move
to another school to obtain perfect integration, relative to the pro-
portion that would need to move to another school under a status
quo of perfect segregation (Graham, 2018). The value ofM does not
have such an intuitive interpretation. M is the difference between
entropy of our sample of students and the weighted average of
entropy in classes. Entropy is a measure of the average level of
information inherent in a variable’s possible outcomes. Entropy is
high, whenever a binary random variable has a mean of 0.5, and
it is low, when it is close to the extremes. If the identity of the
school is informative about the identity of the student body (i.e.,
a school is segregated), then the entropy in that school is low. Thus,
if there is no school segregation, then the entropy will be maximal
in all the schools, and the market level entropy will be close to the
average school-level entropy. This implies that M is close to zero.
The opposite happens if schools are segregated, and the school-
level entropy is small.

As Allen et al. (2015) point out, random assignment of students
to schools in their track, produces some degree of within-track seg-
regation (Mt > 0) unless the number of students approaches infin-
ity. This is akin to sampling variation. To account for this chance
factor, we compute the values of Mt and M Sð Þ under random
assignment of students to schools within their track. We imple-
ment this by randomly drawing values for eis for each school for
each student and assign each student to the school with the high-
est value. We repeat this 100 times and take the averages of the
resulting segregation indices. This creates the first benchmark.
The second benchmark is formed by the values of Mt and M Sð Þ in
case all students are assigned to their most-preferred school (in
their track).

The difference between the two benchmarks is due to: (i) stu-
dents from different groups having different school preferences
(different school fixed effects; gs); and (ii) students from different
groups having different distastes for traveling (b) and living in dif-
ferent neighborhoods and therefore having different home-school
distances (distanceis). To construct the counterfactual assignment
with homogenous school preferences, we replace the ROL of each
disadvantaged student by the ROL implied by the student’s own
home-school distances and own group’s distaste for traveling and
the school fixed effects of the non-disadvantaged group
(bG0 � distanceis þ gG

s þ eis).14

13 Entropy of unit x equals: h xð Þ ¼ qxlog2 1
qx

� �
þ 1� qxð Þlog2 1

1�qx

� �
, where qx is the

share of disadvantaged students in unit x.

14 In a robustness analysis we repeat this procedure but replace the ROL of each
non-disadvantaged student by the ROL implied by the student’s own home-school
distances and own group’s distaste for traveling and the school fixed effects of the
disadvantaged group (bG � distanceis þ gG0

s þ eis).
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4. Data and descriptive statistics

This section describes the data sources and presents descriptive
statistics about students, schools and the level of segregation.

4.1. Data sources

The data come from two sources: the student register of the
secondary-school match from the city of Amsterdam and register
data from Statistics Netherlands. These registers are merged at
the student level.

The student register provides data of all students who partici-
pated in the secondary-school match in Amsterdam in the years
2015, 2016 and 2017. For each student, it has information about
assigned track, the ROL, actual placement, gender, the score on
the nationwide exit test from primary school and home address.
Home addresses and school locations result in distances between
each student’s home address and all schools in the assigned track.
We added school-level information of exam scores of students

graduating in the previous year. This information is publicly avail-
able from the websites of secondary schools.

The register data from Statistics Netherlands have information
about the country of origin of (grand) parents. Based on this, we
constructed an indicator for students with a non-western back-
ground. This is defined as someone who has at least one (grand)
parent born in Turkey, Africa, Latin America or Asia (except for
Japan and Indonesia). We will refer to the students that do not
belong to this group as western students. The data also contain
information about parents’ income. We define low-income stu-
dents as students from families with household income below
the national median (one year prior to the year of observation).
We will refer to the students that do not belong to this group as
high-income students.

The combined data allow us to measure the ethnic and social
composition of students in each track in each school. This is the
basis for the measurement of school segregation. We also construct
for each class (track within a school) the average test score on the
nation-wide exit test from primary school based on the incoming
students in the previous year.

Table 1
Summary statistics: student characteristics.

Vocational Vocational College University Total
(elementary) (theory)

Non-western student 0.77 0.67 0.48 0.29 0.54
(0.42) (0.47) (0.50) (0.46) (0.50)

Turkey 0.13 0.11 0.06 0.03 0.08
(0.33) (0.32) (0.24) (0.16) (0.27)

Morocco 0.29 0.27 0.19 0.09 0.20
(0.45) (0.44) (0.39) (0.29) (0.40)

Suriname 0.15 0.10 0.06 0.04 0.09
(0.36) (0.31) (0.24) (0.19) (0.28)

Household income (percentile) 24.91 34.43 46.78 60.67 42.98
(20.43) (27.41) (32.21) (32.85) (32.01)

Household income (missing) 0.04 0.03 0.03 0.02 0.03
(0.21) (0.17) (0.16) (0.13) (0.16)

Low-income family 0.76 0.62 0.47 0.30 0.52
(0.43) (0.48) (0.50) (0.46) (0.50)

Female 0.50 0.52 0.51 0.50 0.51
(0.50) (0.50) (0.50) (0.50) (0.50)

Test score (standardized) �1.36 �0.36 0.36 1.04 0.00
(0.71) (0.52) (0.44) (0.34) (1.00)

Test score (missing) 0.13 0.11 0.10 0.12 0.11
(0.33) (0.31) (0.30) (0.33) (0.32)

Length of ROL 3.39 4.57 5.81 7.29 5.39
(1.63) (2.12) (2.50) (2.86) (2.75)

Non-western – low-income 0.62 0.48 0.33 0.17 0.39
(0.49) (0.50) (0.47) (0.37) (0.49)

Non-western – high-income 0.15 0.18 0.15 0.13 0.15
(0.36) (0.39) (0.35) (0.33) (0.36)

Western – low-income 0.14 0.14 0.14 0.13 0.14
(0.35) (0.35) (0.34) (0.34) (0.34)

Western – high-income 0.09 0.19 0.39 0.57 0.33
(0.28) (0.40) (0.49) (0.49) (0.47)

Placed in top-1 school 0.91 0.87 0.75 0.74 0.81
(0.29) (0.34) (0.43) (0.44) 0.39)

Placed in top-3 school 0.98 0.98 0.92 0.91 0.95
(0.15) (0.12) (0.27) (0.28) (0.23)

Placed in top-5 school 0.98 0.99 0.97 0.96 0.97
(0.15) (0.10) (0.17) (0.21) (0.16)

Unplaced 0.02 0.01 0.01 0.01 0.01
(0.15) (0.08) (0.09) (0.09) (0.10)

Students in 2015 1,413 1,530 1,836 1,657 6,436
Students in 2016 1,512 1,487 1,807 1,605 6,411
Students in 2017 1,214 1,422 1,890 1,778 6,304
Total 4,139 4,439 5,533 5,040 19,151

Notes: The table reports mean values of student characteristics by track, with standard deviations in parentheses. Non-western student equals one if the student has at least
one parent or grandparent that was born in Turkey, Africa, Latin America or Asia (with the exception of Japan and Indonesia), zero otherwise. Household income is the mean
of the percentile rank in the country’s household income distribution. Low-income family is an indicator equal to one if family income is below the national median, zero
otherwise. Test score is the standardized score on the nationwide exit test from primary school. Length of ROL is the number of schools that a student included on the rank-
ordered preference list. The bottom panel reports numbers of students by year and track.
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4.2. Descriptive statistics

This subsection presents descriptive statistics of students and
schools and provides descriptive information about school segre-
gation by ethnicity and household income.

4.2.1. Students
Table 1 presents summary statistics of student characteristics.

The final column reports statistics for students from all tracks
together. This shows that the overall share of students with a
non-western background amounts to 54%. The three largest non-
western groups are from Turkey (8%), Morocco (20%) and Suriname
(9%).15 The breakdown by tracks shows that students with a non-
western background are very unequally divided across tracks. Their
share ranges from 77% in the vocational-elementary track to 29% in
the university track. This unequal division holds for each of the sep-
arate main countries of origin. The shares in the vocational-
elementary track are always three to four times higher than in the
university track.

The rows on household income indicate a steep increase in
household income from low tracks to high tracks. The average per-
centile of household income of students in the vocational-
elementary track is close to 25 and increases to over 60 for stu-
dents in the university track. The share of low-income households
decreases from 76% in the vocational-elementary track to 30% in
the university track.

The next row shows that the share of girls is similar across
tracks. The average test score on the exit test from primary school
increases steeply from low to high tracks. The difference between
the lowest and highest tracks equals 2.4 standard deviations. Test
score information is missing for 11% of the students. This fraction is
similar across tracks. The average length of the ROL’s is slightly
over seven. This average increases from the vocational-
elementary track to the university track.

The next part of the table looks at the interaction of ethnic back-
ground and household income. The two characteristics are strongly
correlated. Two thirds of the students with a non-western back-
ground come from a low-income household. This is only the case
for slightly more than 25% of the western students.

The next four rows show that 81% of the students are placed in
their top choice, 95% in their top-3, 97% in their top-5 and 1% are
unplaced. These percentages differ between tracks, with higher
fractions placed in their top in the vocational tracks than in the col-
lege and university tracks.

The bottom rows report the numbers of students who come
from a primary school in Amsterdam, participated in the Amster-
dam secondary-school match and whose school register informa-
tion can be matched with data from Statistics Netherlands.
Twenty-nine percent of the students enroll in the college track
and 26% in the university track. The remaining students are divided
over the two vocational tracks. The division over tracks does not
vary much between years.

4.2.2. Schools
Table 2 shows by year, how many schools offer which combina-

tions of tracks. Each row mentions first the lowest track that is
offered and then the highest track that is offered. When the lowest
and highest tracks are not adjacent, this implies that the in-
between tracks are also offered. If only one track is mentioned,
the row refers to schools that only offer that track. For example,
in the first column we read that in 2015, 22 schools (10 + 7+2 +
3) offered the vocational-elementary track. Ten of these schools

only offered this track. Seven schools combine this track with the
vocational-theory track. Two schools offer it together with the
vocational-theory track and the college track. And three schools
offer all four tracks. In contrast, of the 25 schools (2 + 3+4 + 8+1 +
7) that offered the college track in 2015, only one school offered
only that track.

A takeaway from this table is that there are only a few schools
that offer the entire range of tracks. In our analysis of students’
preferences for schools we will inquire whether it matters whether
a student’s track is the lowest or highest that a school offers.

Table A1 in the appendix presents summary statistics of classes
(tracks within schools), overall and by track. The patterns for test
scores mirror the patterns in Table 1. The table also reports the
average exam score of students graduating from secondary school
in the year prior to the year in which the students in our sample
apply for secondary schools. Exams are track specific and graded
on a scale from 1 to 10, where 5.5 is the passing score.16

The school district of Amsterdam consists of the schools located
within the city’s boundaries. These boundaries enclose a relatively
small area of 219 squared kilometers.17 School density is high.
There are 54–55 schools that offer secondary education. The mean
average distance between a student’s home address and all schools
offering her track is 6.3 km. The average distance to the closest
school offering students’ track is 1.1 km. The top panel of Table 3
reports the average of the number of schools at the track level in
1/3/5/10/15 km radiuses from students’ home addresses. Amster-
dam is a bicycle-friendly city. With a modest speed of 12 km/hr, stu-
dents have on average 11.3 schools offering their track within
25 min (door-to-door) of their home address.

The other panels of Table 3 report the numbers of schools that
offer the student’s track where that track is the lowest track (panel
B) or the highest track (panel C) that the school offers within a
1/3/5/10/15 km distance. This shows that within 5 km from their
home address, students could, on average, choose between 5.6
(6.2) schools where their track is the lowest (highest).

4.2.3. Segregation
Table 4 reports measures of secondary-school segregation by

ethnicity and household income in Amsterdam. For comparison,
it also reports measures of residential segregation.

Table 2
Schools’ track supply.

2015 2016 2017

Vocational (elementary) 10 7 6
Vocational (elementary – theory) 7 10 8
Vocational (elementary) – College 2 1 1
Vocational (elementary) – University 3 3 4
Vocational (theory) 5 6 4
Vocational (theory) – College 4 3 3
Vocational (theory) – University 8 9 11
College 1 1 2
College – University 7 8 8
University 7 7 7
Total 54 55 54

Notes: The table presents the number of schools offering specific combinations of
tracks (rows) by year (columns). Each row entry mentions the lowest to the highest
track that a school offers. Row entries that only mention one level refer to schools
that only offer that level.

15 The remaining 17% of students with a non-western background come from 111
different countries, including Ghana (2.3%), Egypt (1.8%), Nederlands Antilles (1.4%),
and Pakistan (1%).

16 The bottom part of Table A1 reports how many classes (school�track) there were
in each year for each track, and the shares of these classes that were ‘‘safe”, i.e. classes
that were not oversubscribed. The decrease in the share of safe classes between 2015
and 2016 in the college and university tracks is due to the switch from multiple to
single tie breaking.
17 For comparison, London, New York City and Berlin are much larger with sizes of
respectively 1572 km2, 1214 km2 and 892 km2.
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For school segregation by ethnicity, D equals 0.457 at the
school level and 0.481 at the class level. For school segregation
by household income, the respective figures are 0.359 and
0.383. Hence, segregation at the school level and at the class level
are not very different. This is not surprising given that many
schools specialize in a limited number of tracks. Segregation by
ethnicity is stronger than segregation by household income.
Graham (2018) refers to values of D between 0.3 and 0.6 as
‘‘moderately segregated.”

Panel B reports segregation between and within school tracks.
Between-track segregation by ethnicity, measured by M, equals
0.098 which is 42% of the overall value of the index which is
0.232. Between-track segregation by household income, also mea-
sured by M, is 0.086, equivalent to 60% of overall segregation.
Within-track segregation for both ethnicity and household income
are highest in the college track.

Panels C and D show that segregation based on students’ most-
preferred schools is very similar to segregation based on students’
schools of placement. This indicates that schools’ capacity con-
straints only have a modest impact on the level of school segrega-
tion. Since almost 20% of the students are not placed in their most-
preferred school, this similarity indicates that not only the top
choices of students from different groups are different but also
the schools further down their ROL’s.

For comparison, panel E reports indices for residential segrega-
tion of the students in our dataset. Across the seven districts of
the city, segregation – measured by D – by ethnicity equals
0.323 and by income 0.193. These numbers go up when the city
is sliced into its 27 neighborhoods or its 72 postal code areas. At
this latter level, D equals 0.445 for ethnicity and 0.322 for
income. Comparing panels A and E, we see that secondary-
school segregation is slightly higher than residential segregation.
The similar levels of school/class segregation and residential seg-
regation at the postal code level do, however, not imply that
school segregation is mainly driven by residential segregation.
This would be true if many students enroll in a school located
in their own postal code area. This is, however, not the case.
While 35.8% of the students live in a postal code area where a
school is located that offers their track level, only 8.1% of the stu-
dents enroll in a school in their postal code area. This share is
very similar for students from different groups; 9.1% for non-

western, 6.9% for western, 8.5% for low-income and 7.6% for
high-income students.18

5. Results

This section contains three parts. We first report the findings
showing that students from different ethnic or income groups have
different school preferences (Section 5.1). Next, we report the
results regarding the importance of heterogeneous school prefer-
ences for school segregation (Section 5.2). Finally, we discuss the
robustness of the results (Section 5.3).

5.1. Heterogeneity of school preferences

To assess heterogeneity of school preferences, we estimate
rank-ordered logit models for each track in a specification that
includes home-school distances and school fixed effects, where
the school fixed effects are allowed to differ by year.

Table 5 reports results for heterogeneity by ethnicity. Estimates
are presented for the four tracks separately. The results indicate
that students in all tracks dislike a longer home-school distance.
The distaste for traveling is larger for students with a non-
western background. The presented estimates are coefficients from
logit models. These can be interpreted as the change in the log-
odds ratio from a one kilometer increase in the distance to school.
The estimate of �0.297 in the first column means that the proba-
bility to choose a school that is one kilometer further from the stu-
dent’s home is 25.7% (¼ 1� exp �0:297ð Þð Þ � 100%) lower. Given
that the average predicted probability to choose the top-ranked
school is not so high (13.1%), this means that this predicted prob-
ability changes by only a few percentage points.

Another way to express the (un)importance of distance is that
only 14.6% of students top-rank the school closest to their home.19

Table 3
School characteristics with certain radiuses, by track.

Vocational Vocational College University Total
(elementary) (theory)

A. Number of schools
Schools within 1 km 0.60 0.77 0.82 1.25 0.87
Schools within 3 km 3.18 4.76 5.27 7.50 5.29
Schools within 5 km 6.83 10.80 11.64 15.24 11.35
Schools within 10 km 16.48 24.14 22.90 26.02 22.62
Schools within 15 km 19.74 27.90 25.15 27.89 25.34

B. Number of school where student’s track is the lowest
Schools within 1 km 0.60 0.44 0.28 0.36 0.41
Schools within 3 km 3.18 3.07 2.07 2.25 2.59
Schools within 5 km 6.83 7.12 4.63 4.43 5.63
Schools within 10 km 16.48 15.84 8.37 6.87 11.46
Schools within 15 km 19.74 17.40 8.75 7.00 12.67

C. Number of school where student’s track is the highest
Schools within 1 km 0.23 0.30 0.14 1.25 0.49
Schools within 3 km 1.32 1.92 0.92 7.50 2.97
Schools within 5 km 2.67 4.36 2.13 15.24 6.21
Schools within 10 km 6.65 9.51 4.21 26.02 11.70
Schools within 15 km 7.56 10.93 4.50 27.89 12.80

Notes: The table presents average number of schools at track level within a 1/3/5/10/15 km radius from students’ home addresses. Panel A pertains to all schools, panel B (C)
to schools where the student’s track is the lowest (highest) level.

18 We also calculated the values of the school segregation indices if students would
rank schools from shortest to longest distance from their home and schools would
give priority to students based on distance. The resulting values for segregation by
ethnicity are D ¼ 0:407 and M ¼ 0:171, and for segregation by household income
D ¼ 0:348 and M ¼ 0:126.
19 These shares are 19.3% for non-western and 9.2% for western students, and 17.3%
for low-income and 11.6% for high-income students.
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The closest school is on average 1.1 km from students’ homes and
the top ranked school on average 3.30 km. On the bicycle this would
take around 17 min, with other modes of transportation unlikely to
be faster. For comparison, Blagg et al. (2018) report estimated med-
ian travel times to school for sixth (ninth) graders in Denver, Detroit,
New York City New Orleans and Washington DC in the range of 6–9
(10–15) minutes.

The bottom rows of the table report p-values for the tests that
the school fixed effects and the distaste for traveling are equal
for western and non-western students. The results reject these
equalities and thereby support that school preferences as well as
the distaste for traveling are heterogeneous across students from
different ethnic groups. For each track, we also strongly reject
equality of the ratio’s of the school fixed effects of western and
non-western students: gG

2=gG0
2 ¼ gG

3=gG0
3 ¼ . . . ¼ gG

n=gG0
n (p < 0:001).

Fig. 1 plots for each track the school fixed effects for western
students against the school fixed effects for students with a non-
western background. This shows that in each track the school fixed
effects for the two groups are positively correlated. They are, how-
ever, not lined up on the 45 degree lines which represents equal

fixed effects of the two groups. The graphs also report per year
the correlations and rank correlations of the fixed effects.20 While
these (rank) correlations are substantial, they are not equal to one,
which would be the value in case of homogenous preferences.21

Table 6 reports estimates from regressions of group-specific
school fixed effects on school characteristics and interactions of
school characteristics and an indicator for the school fixed effect
applying to students with a non-western background.22 Each col-
umn reports results for one school characteristic at the time. Col-

Table 4
Segregation in Amsterdam.

Ethnicity Household income

Dissimilarity Mutual Information Dissimilarity Mutual Information

A. Placement
School 0.457 0.211 0.359 0.132
Class 0.481 0.232 0.383 0.147

B. Placement within and between track
Between tracks – 0.098 – 0.086
Vocational elementary 0.337 0.093 0.202 0.032
Vocational theory 0.386 0.145 0.242 0.061
College 0.407 0.191 0.285 0.086
University 0.288 0.098 0.220 0.058

C. Most-preferred class
Class 0.464 0.211 0.369 0.132

D. Most-preferred class within and between track
Between tracks – 0.098 – 0.086
Vocational elementary 0.306 0.081 0.194 0.031
Vocational theory 0.383 0.148 0.239 0.059
College 0.413 0.186 0.299 0.089
University 0.304 0.111 0.225 0.061

E. Residence
District 0.323 0.107 0.193 0.033
Neighborhood 0.387 0.149 0.254 0.067
Postal code 0.445 0.191 0.322 0.105

Notes: The table presents segregation by ethnicity and household income. Panel A presents school- and class-level segregation based on students’ placement. Panel B shows
within track segregation for each track at the class-level based on students’ placement. Panel C presents class-level segregation based on students’ most-preferred school.
Panel D shows within track segregation for each track at the class-level based on students’ most-preferred school. Panel E presents residential segregation at the district (7),
neighborhood (27) and 4-digit postal code-levels (72).

Table 5
Student’s preferences for schools by ethnicity: rank-ordered logit model.

Vocational Vocational College University
(elementary) (theory)

Distance (km) � Western �0.297⁄⁄⁄ �0.334⁄⁄⁄ �0.346⁄⁄⁄ �0.387⁄⁄⁄
(0.010) (0.008) (0.006) (0.006)

Distance (km) � Non-western �0.387⁄⁄⁄ �0.438⁄⁄⁄ �0.442⁄⁄⁄ �0.425⁄⁄⁄
(0.006) (0.007) (0.007) (0.009)

Class � Year � Ethnicity FE’s Yes Yes Yes Yes
p-values (equality of bs by ethnicity) 0.000 0.000 0.000 0.000
p-values (equality of FEs by ethnicity) 0.000 0.000 0.000 0.000
# Students 4,139 4,439 5,533 5,040
# Classes (min.) 19 23 22 25
# Classes (max.) 22 33 30 31

Notes: The table presents the estimates for students’ school preferences by students’ ethnicity. Standard errors clustered on the student-level are in parentheses. ⁄⁄⁄ p < 0.01;
⁄⁄ p < 0.05; ⁄ p < 0.10.

20 The correlations take the estimation errors of the fixed effects into account.
21 For some tracks, the correlations show considerable year-to-year variation. Part of
this variation can probably be attributed to changes in the supply of schools. For
example, the large increase of the correlation in the vocational-elementary track
between 2015 and 2016 coincides with a reduction of schools that only offer this
track from 10 to 7 (cf. Table 2).
22 The values of the characteristics are standardized such that coefficients measure
effects of a one standard deviation change. Characteristics are missing for some
classes that opened recently. In these cases, we set the value equal to zero and
included a dummy variable for missing values. The coefficients of these dummy
variables are not reported.
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umns (1) and (2) show that western students prefer schools that
attract students performing better on the exit test from primary
school and schools whose graduating students perform better on
the exit exam from secondary school. Non-western students have
a lower appreciation for schools with these characteristics. Column
(3) indicates that western student have a lower preference for
schools with a larger share of low-income students, while non-
western students have a higher preference for such schools. Students
from both groups prefer schools where their own track is the lowest
that the school offers (column (4)) while there is no significant rela-
tion with their own track being the highest (column (5)). The final
column shows that there is no significant relationship between
group-specific school fixed effects and average home-school
distances. This suggests that students from neither group sort to live
near schools that they prefer.23

Tables 7 and 8 and Fig. 2 report estimates of the preferences of
low-income and high-income students. The results mirror the pre-
vious results. Low-income students value schools differently than
high-income students and they have a stronger distaste for travel-
ing. The results strongly reject the null-hypothesis that preferences
are homogenous across income groups.

5.2. The importance of preference heterogeneity for school segregation

In the previous subsection we have established that students’
school preferences are heterogeneous between ethnic groups and
between income groups. In this subsection we quantify the impor-
tance of this preference heterogeneity for school segregation. To
this end we calculate the value of the segregation index under a
counterfactual scenario of homogenous school preferences. We
construct this counterfactual by replacing the ROL of each non-
western/low-income student by the ROL that is predicted by a stu-
dent’s own home-school distances and own-group distaste for
traveling and the school fixed effects of the western/high-income
students. Each student is then assigned to her (imputed) top-
ranked school, and we compute the school segregation index cor-
responding to this counterfactual assignment. As benchmarks we
compare this to the segregation index when students are randomly
assigned to a school within their track and to the segregation index
if all students are assigned to their actual top-ranked school.

Table 9 reports results for segregation by ethnicity. As we saw
already in Table 4, ability tracking results in a value of the mutual
information index of 0.098 for segregation by ethnicity, which cor-
responds with 42% of the overall segregation by ethnicity. This
number is repeated in the first row of Table 9. The second row
shows that the segregation index equals 0.099 if students are ran-
domly assigned to schools within their track. The size of this cor-
rection factor is very similar across tracks. The row homogeneous
preferences shows that the segregation index equals 0.119 if

Fig. 1. Comparison of school fixed effects of non-western and western students, by track. Notes: The figure shows for each track a scatterplot with for each class its fixed effect
for non-western students and its fixed effect for western students. Five observations with very large fixed effects are not included in the graphs.

23 We do not consider the share of non-western students as a class characteristic.
The assignment mechanism ensures that students enroll in schools they rank highly,
which mechanically leads to a positive correlation between a group’s preferences and
its own enrollment share.
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non-western students are assumed to have the same school prefer-
ences as western students. This number is substantially below the
value of 0.211 that results with heterogeneous preferences and all
students are assigned to their most-preferred class. Comparison of
the bottom two rows reveals that segregation based on most-
preferred classes and segregation based on actual placement are
very similar. This is not because few schools reach their capacities
but because also the preferences for lower ranked schools differ
between students from different groups.

We thus conclude that heterogeneous school preferences
between ethnic groups have a substantial impact on school segre-
gation by ethnicity. This impact is of the same magnitude as that of
ability tracking. Differences in home-school distances and schools’
capacity constraints play a minor role.24

Table 10 shows results for school segregation by household
income. Between track segregation results in an index of 0.086,
which is over 60% of overall school segregation by household
income. The value goes up to 0.087 due to the correction for the
segregation that would occur under random assignment within
tracks. The segregation index equals 0.101 under the counterfac-
tual assignment where low-income students have the same school
fixed effects as high-income students. When instead heteroge-
neous preferences are introduced and all students are assigned to
their first-ranked school, the index rises to 0.132. Segregation by
household income is unaffected by schools’ capacity constraints.
We therefore conclude that heterogeneity in school preferences
between income groups has a substantial impact on school segre-
gation by household income. The role of ability tracking is here,
however, relatively larger.

5.3. Robustness

In the analysis of school preferences in Section 5.1 we have
assumed that students rank schools in order of their true prefer-

Table 6
Class fixed effects and class characteristics: ethnicity.

Dependent variable Class FE

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

Average test score (t-1) 0.597⁄⁄⁄
(0.038)

Average test score (t-1) � Non-western �0.245
(0.202)

Average exam score (t-1) 0.396⁄⁄⁄
(0.031)

Average exam score (t-1) � Non-western �0.363⁄⁄⁄
(0.102)

Share of low-income students (t-1) �0.697⁄⁄⁄
(0.121)

Share of low-income students (t-1) � Non-western 0.806⁄⁄⁄
(0.144)

Lowest track 1.398⁄⁄
(0.550)

Lowest track � Non-western 1.511
(1.417)

Highest track �3.184
(3.419)

Highest track � Non-western 1.614
(3.478)

Average distance (km) 0.330
(0.418)

Average distance (km) � Non-western �0.251
(0.417)

R-squared 0.625 0.812 0.814 0.557 0.563 0.821
Track � year � ethnicity FEs Yes Yes Yes Yes Yes Yes
# Observations 640 640 640 640 640 640

Notes: This table presents the regression coefficients of class fixed effects on class characteristics. The regressions is inversely weighted by the variance estimates of the class
fixed effects. Standard errors are clustered on the group (track � year � ethnicity) and school level (see Cameron et al., 2011). ⁄⁄⁄ p < 0.01; ⁄⁄ p < 0.05; ⁄ p < 0.10.

Table 7
Student’s preferences for schools by household income: rank-ordered logit model.

Vocational Vocational College University
(elementary) (theory)

Distance (km) � High-income �0.318⁄⁄⁄ �0.366⁄⁄⁄ �0.376⁄⁄⁄ �0.402⁄⁄⁄
(0.009) (0.007) (0.006) (0.006)

Distance (km) � Low-income �0.381⁄⁄⁄ �0.434⁄⁄⁄ �0.436⁄⁄⁄ �0.427⁄⁄⁄
(0.006) (0.007) (0.008) (0.009)

Class � Year � Income group FE’s Yes Yes Yes Yes
p-values (equality of bs by household income) 0.000 0.000 0.000 0.000
p-values (equality of FEs by household income) 0.000 0.000 0.000 0.000
# Students 4,139 4,439 5,533 5,040
# Classes (min.) 19 23 22 25
# Classes (max.) 22 33 30 31

Notes: The table presents the estimates for students’ school preferences by students’ household income. Standard errors clustered on the student-level are in parentheses. ⁄⁄⁄
p < 0.01; ⁄⁄ p < 0.05; ⁄ p < 0.10.

24 While capacity constraints have no influence on total segregation, they have some
influence on segregation within tracks. In the vocational-elementary track segrega-
tion increases due to capacity constraints, while in the university track capacity
constraints attenuate segregation.
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ences. Under the DA mechanism truth telling is, however, only a
weakly dominant strategy. There is therefore a concern that stu-
dents may disguise their true preferences (Fack et al., 2019). There
are two plausible scenario’s for this. The first occurs when students
perceive that their chances to be admitted to a school are equal to
zero. In that case there is no reason to include these schools in the
ROL’s. The second scenario occurs when a student ranks a school
and believes that placement at that school is certain. In that case
there is no reason for a truthful ranking of schools ranked below
this ‘‘safe” school. The first scenario is not relevant in our setting
because students always have a substantial chance to be admitted
to the school they rank first, provided it offers their track. The sec-
ond scenario may, however, occur. We therefore re-estimated the
rank-ordered logit models based on ROL’s that are truncated below
the first ‘‘safe” school on the list. We operationalize ‘‘safe” schools
as schools that have more seats than accepted applicants in the
previous year.25 Tables A2 and A3 in the appendix report the results.
The estimates of the distaste for traveling are almost identical and,
more importantly, the estimates reject equality of the school fixed
effects of students from different ethnic or income groups.

We also estimated school preferences using the conditional
logit model, which is only based on students’ top-ranked school.
Tables A4 and A5 in the appendix report the results. Again, esti-
mates of the distaste for traveling are almost identical to those in
the main text and equality of the school fixed effects of students
from different groups is rejected.

In our main specifications, home-school distance enters the
utility function linearly. We have estimated rank-ordered logit
models that relax this restriction. The dashed lines in Figs. A1
and A2 in the appendix show the relation between utility and

home-school distance from a spline specification where the dis-
tance coefficients are allowed to change at every 1000 meters.
For comparison the solid lines show the linear relationship. While
the more flexible specification deviates statistically significantly
from the linear specification, the differences are modest. More
importantly, the more flexible specification of distance does not
change the results regarding the heterogeneity of school fixed
effects, all p-values remain smaller than 0.001.

We have also examined the heterogeneity of school preferences
by ethnicity and income groups separately for the seven districts in
Amsterdam.26 Table A6 in the appendix reports p-values from tests
of homogenous preferences for different groups per district and
track. Panels A1 and B1 pertain to students’ distaste for traveling,
panels A2 and B2 to class fixed effects. The results indicate that for
many district-track combinations, we cannot reject that students
from different groups have the same distaste for traveling. For all
district-track combinations, the results reject, however, that stu-
dents from different groups have homogenous class preferences.

We have also assessed the robustness of the counterfactual seg-
regation indices with homogenous preferences. The results in the
main text are based on estimates from rank-ordered logit models
with a linear specification for distance, fixed effects at the class�-
year level, without spatial heterogeneity in the fixed effects and
where non-western/low income students are given the fixed
effects of western/high income students. Tables A7 and A8 show
the segregation index under the counterfactual of homogenous
school preferences resulting from alternative specifications. The
conclusion from these tables is that using the conditional logit
model instead of the rank-ordered logit model, using a spline in
distance instead of linear distance, using class fixed effects instead
of class�year fixed effects, or using class fixed effects from non-
western instead of class fixed effects from western students has

Table 8
Class fixed effects and class characteristics: household income.

Dependent variable Class FE

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

Average test score (t-1) 0.613⁄⁄⁄
(0.049)

Average test score (t-1) � Low-income �0.192
(0.236)

Average exam score (t-1) 0.383⁄⁄⁄
(0.030)

Average exam score (t-1) � Low-income �0.279⁄⁄⁄
(0.045)

Share of non-western students (t-1) �0.627⁄⁄⁄
(0.165)

Share of non-western students (t-1) � Low-income 0.628⁄⁄⁄
(0.163)

Lowest track 1.420⁄⁄
(0.629)

Lowest track � Low-income �0.343
(0.447)

Highest track �3.743
(4.005)

Highest track � Low-income 2.900
(3.842)

Average distance (km) 0.287
(0.513)

Average distance (km) � Low-income �0.311
(0.482)

R-squared 0.282 0.676 0.676 0.125 0.148 0.167
Track � year � household income FEs Yes Yes Yes Yes Yes Yes
# Observations 640 640 640 640 640 640

Notes: This table presents the regression coefficients of class fixed effects on class characteristics. The regressions is inversely weighted by the variance estimates of the class
fixed effects. Standard errors are clustered on the group (track � year � household income) and school level (see Cameron et al., 2011). ⁄⁄⁄ p < 0.01; ⁄⁄ p < 0.05; ⁄ p < 0.10.

25 Ninety-three percent of the students submit a ROL with at least one safe school on
it. The average rank of the first safe school on these ROL’s is 2.5 and varies between
tracks with 1.3 in the vocational-elementary track, 1.7 in the vocational-theory track,
2.6 in the college track and 4.2 in the university track.

26 These districts (stadsdelen) have limited autonomy in some fields but have no say
about schools or education policy, i.e. these are not school districts.
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virtually no impact on the results. Only allowing for spatial varia-
tion in school preferences, increases the segregation index under
the counterfactual somewhat. But even in the most extreme case
where school preferences are allowed to differ between neighbor-
hoods, segregation under the counterfactual of homogenous school
preferences for students from different groups, remains in most
cases quite modest.

In the main text we have reported results based on the mutual
information index. The advantage of this measure compared to the
dissimilarity index is that it has the strong decomposability prop-
erty. The disadvantage is that its value has no intuitive interpreta-
tion. Tables A9 and A10 report results for within-track segregation

using the dissimilarity index. The patterns are very similar to those
reported in the main text. Allowing for differences in distaste for
traveling and home-school distances has only a minor influence
on segregation while heterogeneous school preferences have a
substantial influence.

6. Policy simulations

The finding that school segregation is mainly due to ability
tracking and heterogeneous school preferences guides the choice
of policies that we assess in this section. We first consider policies

Fig. 2. Comparison of school fixed effects of low-income and high-income students, by track. Notes: The figure shows for each track a scatterplot with for each class its fixed
effect for low-income students and its fixed effect for high-income students. Four observations with very large fixed effects are not included in the graphs.

Table 9
School segregation under different assignments: ethnicity.

Vocational Vocational College University Total
(elementary) (theory)

Segregation between tracks 0.098
Segregation within tracks
Random assignment 0.011 0.015 0.011 0.012 0.099
Homogeneous preferences 0.014 0.025 0.026 0.019 0.119
Most-preferred class 0.081 0.148 0.186 0.111 0.211
Placement 0.093 0.145 0.191 0.098 0.232

Notes: The table reports values of the Mutual Information Index of school segregation at the class level by ethnicity for different assignments. The first row reports segregation
between tracks, assuming one school per track. Random assignment is implemented by randomly drawing values for ei for each school for each student and assigning each
student to the school with the highest value. The averages over 100 draws of eis ’s are reported in the second row. Homogeneous preferences are implemented by replacing the
ROL of each disadvantaged student by the ROL implied by the student’s own home-school distances, own group’s distaste for traveling, the school fixed effects of the non-
disadvantaged group, and random draws of ei ’s. The averages over 100 draws of ei ’s are reported in the third row. The index in the fourth row is based on assigning each
student to her most-preferred class. The index in the fifth row is based on actual placement.
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aimed at reducing between-track segregation. To reduce within-
track segregation we consider minority quotas and reserves, which
put restrictions on the assignment of students. The analyses in this
section rely on the assumption that students’ school preferences
are invariant to these policies. While this seems a reasonable
assumption in the short run, it is less likely to hold in the long
run. As we will discuss below, it is likely that responses in the long
run undo the effects of the policies partially. The short-run effects
that we calculate are therefore likely to be upper bounds of long-
run effects.

6.1. Reducing between-track segregation

The assignment of students to ability tracks in secondary school
is primarily determined by their teacher in the last year of primary
school. An important source of information for teachers is students’
performance on standardized tests that are administered each year
starting in grade 1. Teachers have discretion to deviate from the
track implied by students’ performance on the tests. Between-
track segregation therefore stems from two sources: differences
in how well students from different groups perform on the tests,
and differences between groups in how teachers map performance
on the test into track assignment. This differential mapping can
reflect knowledge of the teacher about for example how conducive
a student’s home environment is to learning. It may also reflect
discrimination.

Table 11 reports the shares of non-western and low-income
students by track under the actual assignment, and what these
shares would be if assignment is solely based on students’ perfor-
mance on the test they made in the last year of primary school.27

This shows that the shares of non-western and low-income per track
would not change much if the discretion of teachers is eliminated.

Policies that may eliminate or reduce achievement gaps at the
end of primary school include early childhood interventions, reme-
dial teaching or targeted class-size reductions. We simulated what
between-track segregation would be if between-group differences
in test performance would be eliminated but the group-specific
mapping of test performance into track assignment would con-
tinue to exist. The value of the mutual information index for eth-
nicity would drop from 0.098 to 0.013, and for income would
drop from 0.086 to 0.009.28 This indicates that even when the entire
difference in group-specific mapping is due to discrimination by

teachers, only a minor fraction of school segregation can be attribu-
ted to it. Hence a policy against alleged teacher discrimination will
only have a small, if any, effect on segregation.29

6.2. Reducing within-track segregation

Almost 20% of the students are not placed in the school they
rank first. Many of the oversubscribed schools have only a small
share of non-western or low-income students. By giving priority
to these students in the assignment process, these schools can
increase their share of non-western/low-income students and
thereby contribute to a reduction of school segregation.

Affirmative action in the school assignment process can take
two forms. One form is quotas where given shares of the places
in a school can only be filled by students from a specific group
(Abdulkadiroğlu, 2005). This policy fights school segregation quite
aggressively, possibly leaving some seats unfilled and some stu-
dents unassigned. A milder form is reserves where disadvantaged
students have priority as long as their share in a school is below
a certain fraction (Hafalir et al., 2013).

We operationalize reserves by giving priority to students
belonging to a specific group as long as their share in the class falls
short of the track-specific share of that group.30 For quotas, we
secure seats for students proportional to their track-specific shares.

Panel A of Table 12 shows that quotas reduce the dissimilarity
index of segregation by ethnicity by 14%, from 0.481 to 0.416.
Reserves have less bite and reduce the dissimilarity index of segre-
gation by ethnicity only by 3%, from 0.481 to 0.467. Quotas reduce
the dissimilarity index by household income by around 8%, and
reserves by 3%.

Panel B reports results by track. This shows that quotas reduce
within-track segregation in all tracks considerably; 16% in the
vocational-elementary track, 22% in the vocational-theory track,
35% in the college track and even 41% in the university track. Quo-
tas also reduce segregation by household income in especially the
college and university tracks by a nontrivial amount. The reduc-
tions through reserves are much smaller, indicating that a large

Table 10
School segregation under different assignments: household income.

Vocational Vocational College University Total
(elementary) (theory)

Segregation between tracks 0.086
Segregation within tracks
Random assignment 0.011 0.015 0.011 0.012 0.087
Homogeneous preferences 0.013 0.017 0.015 0.013 0.101
Most-preferred class 0.031 0.059 0.089 0.061 0.132
Placement 0.032 0.061 0.086 0.058 0.132

Notes: The table reports values of the Mutual Information Index of school segregation at the class level by ethnicity for different assignments. The first row reports segregation
between tracks, assuming one school per track. Random assignment is implemented by randomly drawing values for ei for each school for each student and assigning each
student to the school with the highest value. The averages over 100 draws of eis ’s are reported in the second row. Homogeneous preferences are implemented by replacing the
ROL of each disadvantaged student by the ROL implied by the student’s own home-school distances, own group’s distaste for traveling, the school fixed effects of the non-
disadvantaged group, and random draws of ei ’s. The averages over 100 draws of ei ’s are reported in the third row. The index in the fourth row is based on assigning each
student to her most-preferred class. The index in the fifth row is based on actual placement.

27 Since 2015, students make this last test after the teachers determined their tracks.
Students, however, also make tests in grades 1 to 5 and students’ performance on
tests in different grades is highly correlated.
28 This is calculated by re-weighting non-western (low-income) students such that
the test score distribution of the western/non-western (low-income/high-income)
groups are the same (for each year). We compute the share of non-western (low-
income) students in each track using this re-weighted distribution and compute
between track segregation.

29 A recent publication from the research unit of the city of Amsterdam (Onderzoek,
Informatie en Statistiek, 2019) shows that only 21% of the ‘‘under-placed” students
are three years later in a higher track, while only 17% of the ‘‘over-placed” are three
years later in a lower track. Although we cannot exclude that this partially reflects
self-fulfilling prophesies, these results suggest that the decision of teachers reflect
valuable information that is not captured by the test.
30 This is implemented, following the procedure proposed by Hafalir et al. (2013).
This implies first creating copies of each school (non-western/low-income and
western/high-income), then duplicating schools on students’ ROL’s (ranking the own
group’s version of a school above the other group’s version) and finally giving priority
to students from a specific group in that group’s version of the school. Using these
modified capacities, ROLs, and priorities, students are assigned to schools through the
strategy-proof DA mechanism.
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part of the reductions through quotas are achieved by leaving seats
in popular schools empty.31

To assess the impact of quotas and reserves on student welfare,
Table 13 reports the shares of students who win and lose from the
policies. This is reported separately for non-western and western
students and for low-income and high-income students. Quotas
based on ethnicity make 13% of the students worse off, while only
2% of the students benefit. The share of losers is larger among

western students than among non-western students, while the
reverse is true for the shares of winners. Reserves have an equal
share of winners as quota but cause a smaller share of losers. Over
90% of the students is indifferent between the baseline DA mecha-
nism and the DA mechanism complemented with reserves. Results
for quotas and reserves based on household income give a similar
picture.

Table 14 shows the average rank position of the school of place-
ment on students’ ROL’s and the share of unassigned students, for
the different policies. With quota the average ranks and the share
of unassigned students go up for all groups compared to the base-

Table 11
Teacher discretion and between-track segregation.

Vocational Vocational College University Between track
(elementary) (theory) segregation

A. Ethnicity
With teacher discretion 0.77 0.67 0.48 0.29 0.098
With no teacher discretion 0.73 0.61 0.46 0.30 0.074

B. Household income
With teacher discretion 0.76 0.62 0.47 0.30 0.086
With no teacher discretion 0.72 0.57 0.45 0.30 0.068

Notes: The table shows the share of non-western/low-income students by track. The first row in each panel refers to the shares under the current assignment with teacher
discretion. The second row in each panel refers to the shares when assignment is based on scores on exit test. The last column reports the value of between-track segregation
resulting from the respective assignments.

Table 12
School segregation and affirmative action.

Ethnicity Household income

Dissimilarity Mutual Information Dissimilarity Mutual Information

A. Placement (class-level)
DA-STB (baseline) 0.481 0.231 0.383 0.147

0:478;0:484½ � 0:229;0:234½ � 0:380;0:386½ � 0:145;0:149½ �
Minority quota 0.416 0.177 0.353 0.125

0:414;0:419½ � 0:176;0:179½ � 0:351;0:355½ � 0:124;0:126½ �
Minority reserve 0.467 0.220 0.371 0.139

0:464;0:470½ � 0:217;0:222½ � 0:369;0:374½ � 0:138;0:141½ �
B. Placement within track
B1. Vocational (elementary)
DA-STB (baseline) 0.312 0.082 0.198 0.032

0:305;0:319½ � 0:080;0:085½ � 0:192;0:205½ � 0:030;0:035½ �
Minority quota 0.263 0.058 0.176 0.028

0:255;0:273½ � 0:055;0:061½ � 0:171;0:182½ � 0:026;0:029½ �
Minority reserve 0.304 0.080 0.189 0.032

0:298;0:311½ � 0:078;0:083½ � 0:185;0:194½ � 0:030;0:033½ �
B2. Vocational (theory)
DA-STB (baseline) 0.387 0.149 0.240 0.060

0:379;0:394½ � 0:145;0:154½ � 0:232;0:248½ � 0:057;0:064½ �
Minority quota 0.303 0.098 0.197 0.047

0:296;0:310½ � 0:094;0:101½ � 0:191;0:205½ � 0:044;0:049½ �
Minority reserve 0.361 0.136 0.222 0.058

0:355;0:366½ � 0:133;0:140½ � 0:216;0:228½ � 0:056;0:060½ �
B3. College
DA-STB (baseline) 0.404 0.184 0.286 0.086

0:395;0:415½ � 0:177;0:192½ � 0:276;0:295½ � 0:082;0:091½ �
Minority quota 0.263 0.093 0.194 0.049

0:255;0:269½ � 0:089;0:098½ � 0:187;0:201½ � 0:047;0:052½ �
Minority reserve 0.367 0.166 0.248 0.073

0:361;0:374½ � 0:161;0:171½ � 0:239;0:256½ � 0:069;0:076½ �
B4. University
DA-STB (baseline) 0.308 0.107 0.222 0.057

0:297;0:317½ � 0:100;0:111½ � 0:211;0:234½ � 0:053;0:062½ �
Minority quota 0.183 0.063 0.138 0.033

0:174;0:192½ � 0:058;0:067½ � 0:130;0:144½ � 0:031;0:036½ �
Minority reserve 0.257 0.097 0.179 0.047

0:249;0:266½ � 0:092;0:100½ � 0:171;0:186½ � 0:044;0:050½ �

Notes: The table presents indices of school segregation under the actual placement and counterfactual school assignment mechanisms, such as Deferred Acceptance (DA) with
minority quotas and DA with minority reserves. Quotas and reserves mimic the share of minority students within each track. 95% confidence intervals are in brackets. The
confidence intervals are based on the 2.5 and 97.5 percentiles of 100 random draws and they reflect uncertainty stemming from random lotteries (single tie breaking).

31 Quotas by ethnicity (income) keep 215 (129) seats of the 3,394 seats in popular
schools empty.

H. Oosterbeek, S. Sóvágó and B. van der Klaauw Journal of Public Economics 197 (2021) 104400

14



line assignment. With reserves, non-western and low-income stu-
dents benefit in terms of average rank and unassigned share, while
western and high-income students are on average worse off.32

Our evaluation of affirmative action keeps students’ ROL’s fixed.
In reality, affirmative action may change students’ rankings of
schools. Given the results from the school demand models, such
changes are likely to undo the reduction in segregation partially.
Schools with many western/high-income students that become
more diverse will be ranked lower by western/high-income stu-
dents, who may try to switch to schools where their groups main-
tained high shares. Our evaluation also keeps the student
population fixed. In reality, this may change. Students whose wel-
fare is strongly reduced by the policy may opt for a school else-
where, thereby reducing the share of western/high-income
students in the school district.33 Although this may reduce segrega-

tion among the remaining students, this can hardly be considered a
successful policy.

7. Conclusions

We have used rich information from the Amsterdam secondary-
school match to show that students from different ethnic groups
and from different income groups have heterogeneous school pref-
erences net of differences due to home-school distances. In com-
parison to previous studies that analyze heterogeneity of school
preferences, we study a situation where there are no catchment
areas and no priority rules based on home-school distances.

By constructing a counterfactual where students from different
groups have homogenous school preferences, we show that 40% of
the school segregation by ethnicity and close to 25% of school seg-
regation by household income can be attributed to heterogeneity
in school preferences. The other main determinant for both types
of school segregation is ability tracking. The mentioned percent-
ages are probably lower bounds on the actual importance of pref-
erence heterogeneity because we cannot rule out that part of the
between-track segregation is rooted in preference heterogeneity.

Table 13
The winners and losers of affirmative action.

Ethnicity Household income

Non-western Western Total Low-income High-income Total

A. Minority quota
Winners (%) 3.47 1.09 2.37 3.78 1.43 2.66

3:08;3:80½ � 0:90;1:28½ � 2:12;2:58½ � 3:45;4:15½ � 1:19;1:66½ � 2:49;2:86½ �
Indifferent (%) 86.38 82.14 84.41 89.99 87.23 88.67

85:99;86:84½ � 81:53;82:73½ � 84:00;84:84½ � 89:59;90:42½ � 86:68;87:86½ � 88:23;89:16½ �
Losers (%) 10.15 16.77 13.22 6.23 11.33 8.67

9:89;10:50½ � 16:22;17:42½ � 12:89;13:56½ � 5:96;6:50½ � 10:81;11:91½ � 8:35;8:97½ �
B. Minority reserve
Winners (%) 3.77 1.50 2.72 3.97 1.60 2.84

3:36;4:10½ � 1:31;1:75½ � 2:51;2:93½ � 3:63;4:37½ � 1:37;1:85½ � 2:65;3:07½ �
Indifferent (%) 94.35 93.20 93.82 94.13 93.28 93.73

93:94;94:68½ � 92:54;93:76½ � 93:32;94:30½ � 93:67;94:57½ � 92:67;93:87½ � 93:20;94:24½ �
Losers (%) 1.88 5.30 3.47 1.89 5.12 3.44

1:65;2:10½ � 4:72;5:91½ � 3:18;3:78½ � 1:65;2:18½ � 4:58;5:71½ � 3:11;3:77½ �

Notes: The table presents the redistributive effect of implementing a minority quota (Panel A) and a minority reserve (Panel B) relative to DA-STB. Minority quotas/reserves
assign winners (losers) to a more (less) favorable school relative to DA-STB. 95% confidence intervals are in brackets. The confidence intervals are based on the 2.5 and 97.5
percentiles of 100 random draws and they reflect uncertainty from random lotteries (single tie breaking, STB).

Table 14
Student welfare and affirmative action.

Ethnicity Household income

Non-western Western Total Low-income High-income Total

A. DA-STB (baseline)
Average rank 1.20 1.42 1.30 1.21 1.40 1.30

1:19;1:21½ � 1:41;1:45½ � 1:29;1:31½ � 1:20;1:22½ � 1:38;1:42½ � 1:29;1:31½ �
Unassigned students (%) 0.59 0.98 0.77 0.63 0.92 0.77

0:48;0:69½ � 0:86;1:10½ � 0:69;0:86½ � 0:52;0:75½ � 0:81;1:04½ � 0:69;0:86½ �
B. Minority quota
Average rank 1.29 1.75 1.50 1.23 1.61 1.41

1:29;1:30½ � 1:72;1:78½ � 1:49;1:52½ � 1:22;1:23½ � 1:59;1:63½ � 1:40;1:42½ �
Unassigned students (%) 1.59 3.42 2.44 0.98 2.15 1.54

1:42;1:77½ � 3:19;3:71½ � 2:28;2:61½ � 0:83;1:12½ � 1:93;2:35½ � 1:39;1:64½ �
C. Minority reserve
Average rank 1.15 1.49 1.31 1.16 1.47 1.30

1:15;1:15½ � 1:47;1:51½ � 1:29;1:32½ � 1:15;1:16½ � 1:45;1:49½ � 1:30;1:31½ �
Unassigned students (%) 0.41 1.10 0.73 0.42 1.06 0.72

0:34;0:49½ � 0:96;1:28½ � 0:65;0:82½ � 0:34;0:51½ � 0:92;1:22½ � 0:64;0:80½ �

Notes: The table presents students’ welfare under DA-STB (Panel A), DA-STB with minority quotas (Panel B), and DA-STB with minority reserves (Panel C). Average ranks
exclude unassigned students. 95% confidence intervals are in brackets. The confidence intervals are based on the 2.5 and 97.5 percentiles of 100 random draws and they
reflect uncertainty from random lotteries (single tie breaking, STB).

32 Figs. A3–A10 in the appendix report welfare effects of quotas and reserves by
track. This shows that most of the students affected by affirmative action are in the
college and university tracks.
33 Currently, around 6% of students living in Amsterdam when they are in their final
year of primary school, enroll in a secondary school elsewhere.
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Table A1
Summary statistics: class characteristics.

Vocational Vocational College University Total
(elementary) (theory)

Average test score (t-1) �1.39 �0.37 0.38 1.00 �0.03
(0.26) (0.33) (0.15) (0.13) (0.89)

Average exam score (t-1) 6.44 6.24 6.28 6.38 6.33
(0.31) (0.24) (0.19) (0.35) (0.29)

Classes in 2015 22 29 25 25 101
Share of safe classes 2015 (%) 72.7 86.2 80.0 76.0 79.2
Classes in 2016 21 33 25 28 107
Share of safe classes 2016 (%) 81.0 72.7 64.0 39.3 63.6
Classes in 2017 20 31 30 31 112
Share of safe classes 2017 (%) 75.0 77.4 60.0 48.4 64.3

Notes: The table reports mean values of class characteristics by track, with standard deviations in parentheses. Average exam score is the average exam score of the students
graduating from the track in a secondary school. Variables are measured with a one year lag. The test score is standardized at the cohort level and therefore comparable
between tracks. The exam score is track specific. For test score the share of missing values is below 5%, for exam score the maximum share of missing values is 14%, which is
due to newly established schools from which no students graduated yet.

In addition, there may still be some families that base their loca-
tion choices on distances to the schools they prefer.

We have assessed policies to reduce between-track and within-
track segregation. Between-track segregation could be reduced
considerably if the achievement gap between ethnic/income
groups at the end of primary school would be eliminated. Only a
small portion of between-track segregation would remain, this
portion may be due to teacher discrimination and/or to teacher
information that is not captured by the tests. Within-track segrega-
tion can be reduced considerably by introducing quotas. This
comes, however, at the expense of leaving seats at popular schools
unfilled and many students receiving less-preferred assignments
and a higher share of unassigned students. Reserves have almost
no potential to reduce school segregation. All these policy effects
pertain to the short run. It is likely that responses in the long run
partially undo these effects.

A policy that we did not assess, is to require all schools to offer
all four tracks. This policy is preferred by the current, left-leaning
city council of Amsterdam but receives a lot of resistance from par-
ents who want to enroll their children in schools where their track
is the lowest. This policy would considerably change the choice set

of students. Since our models include class fixed effects, our frame-
work cannot address this.

Like other studies in this area, we have interpreted conditional
differences in school rankings between ethnic and social groups as
differences in preferences. We acknowledge, however, that differ-
ences in rankings may be partially due to differences in informa-
tion about school quality.
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Appendix A

A.1. Additional tables with descriptive statistics

Table A1.

Table A2
Student’s preferences for schools by ethnicity: rank-ordered logit model with ROLs truncated at safe schools (robustness).

Vocational Vocational College University
(elementary) (theory)

Distance (km) � Western �0.340⁄⁄⁄ �0.385⁄⁄⁄ �0.378⁄⁄⁄ �0.420⁄⁄⁄
(0.014) (0.012) (0.009) (0.008)

Distance (km) � Non-western �0.450⁄⁄⁄ �0.515⁄⁄⁄ �0.527⁄⁄⁄ �0.472⁄⁄⁄
(0.010) (0.010) (0.012) (0.012)

Class � Year FE Yes Yes Yes Yes
p-values (equality of bs by ethnicity) 0.000 0.000 0.000 0.000
p-values (equality of FEs by ethnicity) 0.000 0.000 0.000 0.000
# Students 4,139 4,439 5,533 5,040
# Classes (min.) 19 23 22 25
# Classes (max.) 22 33 30 31

Notes: The table presents the estimates for students’ school preferences by students’ ethnicity. Standard errors clustered on the student-level are in parentheses. ⁄⁄⁄ p < 0.01;
⁄⁄ p < 0.05; ⁄ p < 0.10.

A.2. Students’ preferences for schools: robustness

Tables A2–A5.
Figs. A1 and A2.
Tables A6–A10.
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Table A3
Student’s preferences for schools by household income: rank-ordered logit model with ROLs truncated at safe schools (robustness).

Vocational Vocational College University
(elementary) (theory)

Distance (km) � High-income �0.372⁄⁄⁄ �0.434⁄⁄⁄ �0.415⁄⁄⁄ �0.436⁄⁄⁄
(0.014) (0.011) (0.009) (0.007)

Distance (km) � Low-income �0.438⁄⁄⁄ �0.509⁄⁄⁄ �0.520⁄⁄⁄ �0.463⁄⁄⁄
(0.010) (0.010) (0.012) (0.012)

Class � Year FE Yes Yes Yes Yes
p-values (equality of bs by household income) 0.000 0.000 0.000 0.061
p-values (equality of FEs by household income) 0.000 0.000 0.000 0.000
# Students 4,139 4,439 5,533 5,040
# Classes (min.) 19 23 22 25
# Classes (max.) 22 33 30 31

Notes: The table presents the estimates for students’ school preferences by students’ household income. Standard errors clustered on the student-level are in parentheses. ⁄⁄⁄
p < 0.01; ⁄⁄ p < 0.05; ⁄ p < 0.10.

Table A4
Student’s preferences for schools by ethnicity: conditional logit model.

Vocational Vocational College University
(elementary) (theory)

Distance (km) � Western �0.353⁄⁄⁄ �0.403⁄⁄⁄ �0.452⁄⁄⁄ �0.512⁄⁄⁄
(0.015) (0.013) (0.015) (0.014)

Distance (km) � Non-western �0.482⁄⁄⁄ �0.551⁄⁄⁄ �0.619⁄⁄⁄ �0.622⁄⁄⁄
(0.011) (0.013) (0.145) (0.021)

Class � Year FE Yes Yes Yes Yes
p-values (equality of bs by ethnicity) 0.000 0.000 0.000 0.000
p-values (equality of FEs by ethnicity) 0.000 0.000 0.000 0.000
# Students 4,139 4,439 5,533 5,040
# Classes (min.) 19 23 22 25
# Classes (max.) 22 33 30 31

Notes: The table presents the estimates for students’ school preferences by students’ ethnicity. Standard errors clustered on the student-level are in parentheses. ⁄⁄⁄ p < 0.01;
⁄⁄ p < 0.05; ⁄ p < 0.10.

Table A5
Student’s preferences for schools by household income: conditional logit model.

Vocational Vocational College University
(elementary) (theory)

Distance (km) � High-income �0.385⁄⁄⁄ �0.444⁄⁄⁄ �0.494⁄⁄⁄ �0.534⁄⁄⁄
(0.016) (0.013) (0.014) (0.013)

Distance (km) � Low-income �0.474⁄⁄⁄ �0.540⁄⁄⁄ �0.613⁄⁄⁄ �0.611⁄⁄⁄
(0.010) (0.013) (0.015) (0.020)

Class � Year FE Yes Yes Yes Yes
p-values (equality of bs by household income) 0.000 0.000 0.000 0.000
p-values (equality of FEs by household income) 0.000 0.000 0.000 0.000
# Students 4,139 4,439 5,533 5,040
# Classes (min.) 19 23 22 25
# Classes (max.) 22 33 30 31

Notes: The table presents the estimates for students’ school preferences by students’ household income. Standard errors clustered on the student-level are in parentheses. ⁄⁄⁄
p < 0.01; ⁄⁄ p < 0.05; ⁄ p < 0.10.
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Fig. A1. Distaste for traveling, by distance, track and ethnicity. Notes: The figures show by track and ethnic group the relation between utility and the home-school distance
based on estimates from rank-ordered logit models including a spline specification for home-school distance.

Fig. A2. Distaste for traveling, by distance, track and income group. Notes: The figures show by track and income group the relation between utility and the home-school
distance based on estimates from rank-ordered logit models including a spline specification for home-school distance.
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Table A6
Test for the heterogeneity of student’s preferences for schools: rank-ordered logit models by district.

Vocational
(elementary)

Vocational
(theory)

College University

A. Ethnicity
A1. Equality of distaste for traveling
Center 0.582 0.009 0.046 0.445
North 0.514 0.131 0.018 0.009
West 0.467 0.884 0.410 0.121
New-west 0.644 0.361 0.001 0.040
South 0.005 0.271 0.035 0.789
East 0.762 0.003 0.652 0.021
South-east 0.843 0.002 0.000 0.172

A2. Equality of class � year fixed effects
Center 0.000 0.000 0.000 0.000
North 0.000 0.000 0.000 0.000
West 0.000 0.000 0.000 0.000
New-west 0.000 0.000 0.000 0.000
South 0.000 0.000 0.000 0.000
East 0.000 0.000 0.000 0.000
South-east 0.000 0.000 0.000 0.000

B. Household income
B1. Equality of distaste for traveling
Center 0.083 0.889 0.354 0.967
North 0.540 0.502 0.000 0.002
West 0.891 0.522 0.073 0.042
New-west 0.250 0.458 0.178 0.048
South 0.441 0.920 0.190 0.702
East 0.599 0.476 0.870 0.002
South-east 0.295 0.874 0.005 0.243

B2. Equality of class � year fixed effects
Center 0.000 0.000 0.000 0.000
North 0.000 0.000 0.000 0.000
West 0.000 0.000 0.000 0.000
New-west 0.000 0.000 0.000 0.000
South 0.000 0.000 0.000 0.000
East 0.000 0.000 0.000 0.000
South-east 0.000 0.000 0.000 0.000

Notes: This table presents the p-values for the test that distaste for traveling and school fixed effects are equal for ethnic/income groups for each district-track combination.

Table A7
Counterfactual within-track segregation: ethnicity (robustness).

Choice model Distance Fixed effect Spatial Vocational Vocational College University
heterogeneity (elementary) (theory)

A. Using the class fixed effects of western students
Rank-ordered logit Linear Class � year No 0.014 0.024 0.017 0.015
Rank-ordered logit Linear Class � year District 0.016 0.036 0.025 0.029
Rank-ordered logit Linear Class Neighborhood 0.018 0.047 0.052 0.031
Rank-ordered logit Spline Class � year No 0.016 0.028 0.019 0.015
Rank-ordered logit Spline Class � year District 0.017 0.035 0.036 0.024
Conditional logit Linear Class � year No 0.017 0.032 0.038 0.024
Conditional logit Linear Class � year District 0.023 0.055 0.046 0.058
Conditional logit Linear Class Neighborhood 0.034 0.052 0.092 0.065

B. Using the class fixed effects of non-western students
Rank-ordered logit Linear Class � year No 0.014 0.025 0.026 0.019
Rank-ordered logit Linear Class � year District 0.016 0.040 0.042 0.029
Rank-ordered logit Linear Class Neighborhood 0.018 0.054 0.051 0.028
Rank-ordered logit Spline Class � year No 0.014 0.027 0.029 0.019
Rank-ordered logit Spline Class � year District 0.017 0.042 0.050 0.029
Conditional logit Linear Class � year No 0.016 0.032 0.043 0.033
Conditional logit Linear Class � year District 0.025 0.062 0.068 0.048
Conditional logit Linear Class Neighborhood 0.038 0.077 0.099 0.049

Notes: The table examines the robustness of the importance of preference heterogeneity for school segregation by ethnicity. Each row corresponds to a different model
specification that we use to compute counterfactuals (see Section 3).
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A.3. Welfare effects of affirmative action by track

This Appendix presents the welfare effects of affirmative action
policies by track.

Figs. A3–A10.

Table A8
Counterfactual within-track segregation: household income (robustness).

Choice model Distance Fixed effect Spatial Vocational Vocational College University
heterogeneity (elementary) (theory)

A. Using the class fixed effects of high-income students
Rank-ordered logit Linear Class � year No 0.013 0.017 0.013 0.013
Rank-ordered logit Linear Class � year District 0.013 0.017 0.017 0.024
Rank-ordered logit Linear Class Neighborhood 0.017 0.029 0.031 0.020
Rank-ordered logit Spline Class � year No 0.013 0.018 0.015 0.013
Rank-ordered logit Spline Class � year District 0.013 0.016 0.023 0.019
Conditional logit Linear Class � year No 0.014 0.019 0.020 0.015
Conditional logit Linear Class � year District 0.014 0.021 0.025 0.035
Conditional logit Linear Class Neighborhood 0.016 0.026 0.043 0.029

B. Using the class fixed effects of low-income students
Rank-ordered logit Linear Class � year No 0.013 0.017 0.015 0.013
Rank-ordered logit Linear Class � year District 0.013 0.017 0.022 0.019
Rank-ordered logit Linear Class Neighborhood 0.020 0.029 0.026 0.017
Rank-ordered logit Spline Class � year No 0.014 0.018 0.017 0.013
Rank-ordered logit Spline Class � year District 0.013 0.017 0.025 0.018
Conditional logit Linear Class � year No 0.015 0.019 0.021 0.015
Conditional logit Linear Class � year District 0.014 0.020 0.029 0.031
Conditional logit Linear Class Neighborhood 0.022 0.041 0.061 0.029

Notes: The table examines the robustness of the importance of preference heterogeneity for school segregation by household income. Each row corresponds to a different
model specification that we use to compute counterfactuals (see Section 3).

Table A9
School segregation under counterfactual assignments (dissimilarity): ethnicity.

Vocational Vocational College University
(elementary) (theory)

Random assignment 0.116 0.121 0.099 0.113
Counterfactual assignment 0.125 0.151 0.141 0.120
Most-preferred class 0.306 0.383 0.413 0.304
Placement 0.337 0.386 0.407 0.288

Notes: The table reports values of the Dissimilarity Index of school segregation at the class level by ethnicity for different counterfactual assignments. Section 3 describes the
counterfactuals.

Table A10
School segregation under counterfactual assignments (dissimilarity): household income.

Vocational Vocational College University
(elementary) (theory)

Random assignment 0.114 0.115 0.098 0.111
Counterfactual assignment 0.121 0.113 0.103 0.106
Most-preferred class 0.194 0.239 0.299 0.225
Placement 0.202 0.242 0.285 0.220

Notes: The table reports values of the Dissimilarity Index of school segregation at the class level by household income for different counterfactual assignments. Section 3
describes the counterfactuals.
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Fig. A3. Affirmative action and average rank by track: ethnicity. Notes: The figure presents the average rank of students’ placement under DA-STB, DA-STB with minority
quota, and DA-STB with minority reserve. Average ranks exclude unplaced students. The error bars represent the 95% confidence intervals. The confidence intervals are based
on the 2.5 and 97.5 percentiles of 100 random draws and they reflect uncertainity from random lotteries (single tie breaking, STB).

Fig. A4. Affirmative action and the share of unplaced students by track: ethnicity. Notes: The figure presents the share of unplaced students under DA-STB, DA-STB with
minority quota, and DA-STB with minority reserve. The error bars represent the 95% confidence intervals. The confidence intervals are based on the 2.5 and 97.5 percentiles of
100 random draws and they reflect uncertainity from random lotteries (single tie breaking, STB).
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Fig. A5. The winners of affirmative action by track: ethnicity. Notes: The figure presents the share winners of implementing a minority quota and a minority reserve relative
to DA-STB. The error bars represent the 95% confidence intervals. The confidence intervals are based on the 2.5 and 97.5 percentiles of 100 random draws and they reflect
uncertainty from random lotteries (single tie breaking, STB).

Fig. A6. The losers of affirmative action by track: ethnicity. Notes: The figure presents the share losers of implementing a minority quota and a minority reserve relative to
DA-STB. The error bars represent the 95% confidence intervals. The confidence intervals are based on the 2.5 and 97.5 percentiles of 100 random draws and they reflect
uncertainty from random lotteries (single tie breaking, STB).
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Fig. A7. Affirmative action and average rank by track: household income. Notes: The figure presents the average rank of students’ placement under DA-STB, DA-STB with
minority quota, and DA-STB with minority reserve. Average ranks exclude unplaced students. The error bars represent the 95% confidence intervals. The confidence intervals
are based on the 2.5 and 97.5 percentiles of 100 random draws and they reflect uncertainty from random lotteries (single tie breaking, STB).

Fig. A8. Affirmative action and the share of unplaced students by track: household income. Notes: The figure presents the share of unplaced students under DA-STB, DA-STB
with minority quota, and DA-STB with minority reserve. The error bars represent the 95% confidence intervals. The confidence intervals are based on the 2.5 and 97.5
percentiles of 100 random draws and they reflect uncertainty from random lotteries (single tie breaking, STB).
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Fig. A9. The winners of affirmative action by track: household income. Notes: The figure presents the share winners of implementing a minority quota and a minority reserve
relative to DA-STB. The error bars represent the 95% confidence intervals. The confidence intervals are based on the 2.5 and 97.5 percentiles of 100 random draws and they
reflect uncertainty from random lotteries (single tie breaking, STB).
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