
The performance of school assignment mechanisms in practice∗

Monique De Haan† Pieter A. Gautier‡

Hessel Oosterbeek§ Bas van der Klaauw¶

Abstract

The theoretical school assignment literature points to a trade-off between strategy-proof mechanisms,
such as the Deferred Acceptance (DA) mechanism, and manipulable mechanisms that allow students
to express the intensity of their preferences, such as the Boston mechanism. We assess this trade-
off using a unique combination of register data and a novel survey instrument that elicits cardinal
preferences from secondary-school students in Amsterdam. Contrary to the theoretical prediction and
previous empirical results, we find that DA results in higher mean welfare than the adaptive Boston
mechanism used in Amsterdam. We provide evidence that this is due to students making strategic
mistakes. We further simulate the assignment and resulting welfare in case none of the students would
make a mistake under Boston. We find a mean welfare difference with actual, mistake-prone, Boston
equivalent to a 4.5 percent change in home-school distances. Around 90 percent of this gain can be
obtained by switching from actual Boston to strategy-proof DA. This switch also has distributional
consequences since disadvantaged students and lower ability students benefit more from it. JEL-codes:
C83; D47; I20.

Keywords: School choice; Boston mechanism; Deferred Acceptance mechanism; strategic behavior; strate-
gic mistakes; cardinal preferences; welfare.

1 Introduction

How should places in over-demanded schools be allocated? Theory points to a trade-off between the
truth-telling Deferred Acceptance (DA) mechanism and the manipulable Boston mechanism.1 DA is
strategy proof which makes it safe for students to rank schools in order of their true preferences. The
consequence is that the relative intensity of students’ preferences plays no role. In the Boston mechanism,
priority to a school depends on the rank of that school on a student’s list. This gives students scope
to express the intensity of their preferences. If students do this optimally, it may resolve conflicting
preferences and lead to higher welfare (Abdulkadiroǧlu et al., 2011). Whether Boston outperforms DA
in practice – that is: when students possibly make mistakes –, is an important question. Answering this
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question requires an empirical approach that permits students to make mistakes. That is what this paper
provides.

The empirical comparison of mechanisms is challenging because it requires a measure of cardinal
and interpersonal-comparable utility, and because students’ choices and the resulting assignment are
only observed for the mechanism that is in place. Counterfactual choices and assignments have to be
constructed. Recent studies (He, 2014; Agarwal and Somaini, 2018; Calsamiglia et al., 2020; Xu and
Hammond, 2020) take up these challenges through estimation of structural school demand models in a
context where students’ choices are observed under a Boston-type mechanism. By making assumptions
about students’ utility functions, their beliefs about admission probabilities and their choice behavior,
these studies obtain estimates of students’ cardinal school preferences. Choices and assignments under
truth-telling mechanisms such as DA are then simulated by assuming that students rank schools in order
of the estimated preferences.

The results from these studies crucially depend on assumptions about admission beliefs and optimality
of choices. The results of Agarwal and Somaini (2018) illustrate this. In the benchmark analysis with
correct (rational expectations) beliefs and optimal choices, Boston gives higher average welfare than DA.
With biased beliefs or suboptimal choices, the welfare difference shrinks considerably and even reverses in
some scenarios. The results from these analyses are therefore primarily informative about the magnitudes
of the welfare differences between mechanisms under different (untested) assumptions. To quantify the
actual welfare consequences of different mechanisms, additional information is needed about students’
admission beliefs or about their choices under different mechanisms.

In a recent paper Kapor et al. (2020) use additional information from a survey asking students about
their admission beliefs, and use this to extend the methods of Agarwal and Somaini (2018). They find that
admission beliefs are too optimistic, especially for admission in the second round. These biased beliefs
lead to strategic mistakes, causing DA to outperform the Boston-type mechanism used for assignment
to high schools in New Haven. While Kapor et al. (2020) make an important step forward by collecting
additional information about belief formation, their analysis relies on the assumption of optimal choices
given the estimated beliefs and on assumptions about the distribution of a random utility component.
They do not identify the students who make mistakes in their application choices, nor can they investigate
which type of families are hurt the most by biased beliefs.

We contribute to the existing literature by complementing register data of the actual choices of
secondary-school students in Amsterdam with survey information from the same students. Students’
actual choices inform us about their behavior under the Amsterdam version of the Boston mechanism,
where students apply in the first round to one school and ties are broken by lotteries. The survey
asks students to rank schools according to their true preferences. It also asks them to give preference
points to the schools they rank, relative to their most-preferred school. The data enables us to: (i)
identify the students who are revealed-strategic under the manipulable mechanism; (ii) quantify the
welfare differences between Boston and DA without making strong assumptions about beliefs and choice
behavior; (iii) identify which students make mistakes in their application choices, separately for students
who are revealed strategic and those who are not; (iv) investigate what type of students are hurt (the
most) by making suboptimal choices under the Boston mechanism; and (v) quantify the welfare gain of
Boston without mistakes (optimal Boston) relative to actual Boston and DA.

We use three welfare measures to compare assignments of Boston and DA. The first is the rank of the
assigned school on a student’s rank-ordered list, the second are the shares of winners and losers from a
switch from Boston to DA, and the third is mean welfare. For each of these, we distinguish between ex
post, interim and ex ante perspectives. Ex post measures are based on a single draw of lottery numbers to
break ties and take the population of students as given. Interim measures take uncertainty about lottery
numbers into account. Ex ante measures take on top of that also uncertainty about the population of
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students into account. We compare Boston to two versions of DA, one where each student has a single
lottery number which is used for tie breaking (DA with single tie breaking, DA-STB) and one where each
student has separate lottery numbers at every school (DA with multiple tie breaking, DA-MTB).

Our first result is that 6.4 percent of the students in Amsterdam are revealed strategic; they apply
to another school than the school they prefer most. Consistent with what theory predicts, this share is
higher among students for whom the difference in preference points between their first and second ranked
schools is small (in the first quartile) than among students for whom this difference is large (in the fourth
quartile). In spite of this, and in spite of other features in our setting that are favorable for Boston (coarse
priority rules and correlated ordinal preferences), we find that DA does better than Boston. Based on
the ordinal rankings from the survey, a switch from Boston to DA-STB results in 1.0 (0.7) percentage
point more students being placed in their most-preferred school (top 3). This improvement is identical
for ex post and interim perspectives, but smaller for the ex ante perspective. Based on preference points
from the survey, the share of winners from this switch is 6.9 percent ex post and around 25 percent
interim or ex ante, while the share of losers is 5.5 percent ex post, 38 percent interim and almost 50
percent ex ante. Finally, and most importantly in light of the results from other studies, the mean gain in
preference points from a switch from Boston to DA is 0.3 to 0.5 points which corresponds to a reduction
of 15 percent of the total welfare loss caused by a shortage of seats in popular schools. The gain is larger
among students from disadvantaged backgrounds than from non-disadvantaged backgrounds (1.3 points
vs 0.3 points), and is larger for students with a relatively low score on the exit exam from primary school
than for students with a medium or high score (0.7 vs 0.4).

Turning to mistakes, we find that 8.3 percent of the students would, given the choices of other
students, have benefited from applying to another school. This percentage is 75 percent among the
revealed-strategic students, most of whom would have been better off by applying to their most-preferred
school. The percentage is only 3.8 percent among the not-revealed-strategic students. The share of
students who make a mistake is higher among disadvantaged students (10.5 percent) than among non-
disadvantaged students (7.9 percent), and is also higher among students with a relatively low score on
the exit exam from primary school (13.3 percent) than among students with medium (5.4 percent) or
high (4.6 percent) scores on this exam.

When we simulate what would happen under Boston if all students behave jointly optimal, we find
that mean expected utility increases with 0.04 preference points in comparison with the allocation under
DA-STB. Hence, the welfare gain from switching from actual Boston (with mistakes) to DA-STB is over
90 percent

(
≈ 0.5

0.5+0.04

)
of the welfare difference between actual Boston and optimal Boston. This is

related to the results in Budish and Cantillon (2012) who use survey data eliciting the true preferences of
students who choose multiple courses under a manipulable mechanism at the Harvard Business School.
In line with our findings, they find that strategic mistakes under the manipulable mechanism lead to
significant welfare losses relative to a mechanism which chooses the best strategy on students’ behalf.

Our finding that Boston performs worse than DA on a range of welfare measures contrasts with what
theory predicts in our setting and with the main findings from the recent studies of Agarwal and Somaini
(2018), Calsamiglia et al. (2020) and He (2014). Our favored explanation for this is that in practice
students make (many) more strategic mistakes than theoretical models or the empirical approaches of
other studies allow for. We provide evidence against two alternative explanations related to our method
to elicit cardinal preferences, and to the structure of school supply and student behavior in our setting.
To assess whether our elicitation of cardinal preferences introduces a bias, we replaced preference points
by utility levels based on estimates from rank-ordered logit models. The conclusions from this analysis
are qualitatively the same as those based on preference points. To assess whether the structure of school
supply and student behavior in our setting drives our findings, we apply a structural approach similar to
Agarwal and Somaini (2018) using the choice data from Amsterdam. This analysis replicates the results
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of the other studies showing higher mean welfare under Boston than under DA.
Both Kapor et al. (2020) and our study find that due to mistakes, strategy-proof DA would result in

higher mean welfare than the existing manipulable mechanisms in New Haven and Amsterdam. While
the nature of these mistakes appears to be different, with too few revealed-strategic choices in New Haven
and too many in Amsterdam, the important takeaway is that students make mistakes and that it requires
additional (survey) data to detect these. The survey questions we have used in this study are easy to
understand for students or parents and are easy to implement for school districts that want to inquire
the potential gains or losses and want to identify the type of students who gain or lose from replacing a
manipulable mechanism by a truth-telling mechanism.

The remainder of this paper is organized as follows. The next section describes the main features
of the secondary school choice in Amsterdam. Section 3 introduces the data that we collected for this
study as well as the administrative data to which we have access. Section 4 discusses the different ways
in which we measure students’ preferences and compares this with methods applied in other studies. It
also explains how we operationalize strategic mistakes. Section 5 presents our main results and Section
6 discusses different explanations for our finding that DA results in higher mean welfare than Boston.
Section 7 reports robustness checks and Section 8 concludes.

2 School choice in Amsterdam

This section describes the context of our study. It first discusses relevant features of secondary education
in the Netherlands and then describes the school assignment mechanism in Amsterdam.

We study school assignment of students who are finishing primary school and are choosing a secondary
school. At this stage, students are 11 or 12 years old. The Netherlands has a tracked secondary education
system, with a four-years vocational track, a five-years general secondary track and a six-years pre-
university track. Track placement is based on students’ performance on a nationwide exit test from
primary school and the recommendation of primary-school teachers.2

Students can freely choose a school that offers the track in which they are placed. Virtually all schools
are publicly funded and there are no tuition fees.3 All schools prepare their students for nationwide exams
at the end of secondary education. The Dutch Inspectorate of Education 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 closed (if publicly run) or lose their public funding (if privately run).

Each year, around 6,500 students living in Amsterdam transfer from one of the around 250 primary
schools to one of the around 70 secondary schools. Because oversubscription of schools is mainly an issue
at the pre-university level and because the response rate on our survey is highest among students in this
track, we will focus on students and schools in this track. Almost 2000 students in Amsterdam are placed
in the pre-university track. In the year that we study (2013), there are 28 schools that offer this track.
Seven of these schools exclusively offer this track; we refer to these as single-track schools. The other 21
schools are comprehensive schools, which offer the pre-university track in combination with one or more
other tracks.4

2Our study pertains to the cohort of 2013. This cohort started secondary school in September 2013. These students
received the recommendation from their teacher in December 2012. They participated in the nationwide exit test in February
2013 and received the result of that test in March 2013. The application window closed at March 15.

3Less than 0.5 percent of Dutch secondary-school students attend a privately-funded school. Publicly-funded schools can
request a voluntary contribution from parents. The suggested amounts are so small that financial motives will not influence
school choice.

4Five of the seven single-track schools require students to follow courses in Latin and Old Greek. Using data from the
incoming cohorts 2006 to 2010, Oosterbeek et al. (2020) document that single-track schools attract students who perform
on average better on the exit test from primary school and come from more affluent families than the pre-university sections
of comprehensive schools. They also show that graduation rates in single-track schools are higher than in comprehensive
schools, even conditional on a rich set of baseline characteristics including the score on the exit test from primary school.
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Since 2005 the secondary schools in Amsterdam operate a centralized school assignment system using
a version of the adaptive Boston mechanism. In the first round, each student applies to only one school.
Schools are allowed to use a limited number of pre-announced priority rules. Some schools give priority to
siblings of current students, to children of staff members, and to students from primary schools with the
same pedagogical approach (Montessori, Dalton and Steiner schools). Students with priority based on
one of these criteria are (almost) certainly placed. We therefore refer to this as the high-priority group.
In 2013 less than 15 percent of the students fell in this group at their school of application.

As a second priority group, single-track schools give priority to students whose score on the exit test
from primary school is at least 545.5 All applicants to single-track schools whose score surpasses this
threshold and all applicants to other schools who are not in the high-priority group, are placed in the
same priority group. We refer to this as the middle-priority group. All remaining students (i.e. applicants
to single-track schools with a score below 545) are in the no-priority group.

Schools that are not oversubscribed admit all their (first-round) applicants. Oversubscribed schools
admit students on the basis of priority. A school-based lottery determines the ordering of students in
the marginal (middle-priority or no-priority) group.6 Students who lose a lottery in the first round, can
only apply to schools that still have vacant places after the first round. When there are more applicants
than vacant places in the second round, a lottery is used to determine which second-round applicants are
admitted.7 After losing a lottery in the second round, students should again apply to a school that has
vacant places after the second round. In the third round schools consider applications on a first-come-
first-served basis. Finally, students who are not placed in the third round, are assigned to a school by
a committee. The third round and the final stage do not correspond to the Boston mechanism. These
rounds involve, however, at most a handful of students per year. In the year that we analyze in this
paper, all students were assigned after the second round and the third round did not take place.

The fact that unplaced students in the first round can only apply to schools that still have vacant
places in the second round, is the feature that introduces a strategic element in the procedure. This
feature was well-known among students and parents. A parent organization concerned with school choice
in Amsterdam (VSA) published a guide to choosing a school on their website. On February 24 2012,
they wrote the following (translated from Dutch): “A few tips from experienced parents: (1) make no
mistake: rejected at school 1 = rejected at schools 2 to 9 (they are really full after the 1st round);
(2) so orient yourself to less popular schools or good schools in less popular neighborhoods; (3) current
numbers of applicants are posted on the website of the schools and on our website: www.stichtingvsa.nl;8

(4) remember that a 2nd or 3rd choice school that happens to have enough seats can be a more secure
choice.”

3 Data

3.1 Data sources

The data for our study come from two sources: the student register of the city of Amsterdam and a survey
conducted by us. The register gives information about students’ actual choices under Amsterdam’s version
of the Boston mechanism, the survey aims to elicit students’ true school preferences. Information from
the two sources are merged at the individual student level.

5The score is measured on a scale that ranges from 500 to 550. A score of at least 545 is normally required for admission
to the pre-university track, see Subsection 3.2.

6Schools may be oversubscribed for some tracks but not for others. Lotteries are conducted at the track level.
7The priority rules only pertained to the first round and none of the students had priority at any of the schools in the

second and later rounds.
8Students who already submitted their application form to a school can during the application window act on this

information by withdrawing their application and submitting it elsewhere. This requires physically going to these schools
– which 1.8 percent of the students did in 2013.
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The student register of the city of Amsterdam contains information from all students who applied
to a secondary school in Amsterdam in 2013. This information includes the ability track recommended
by the primary-school teacher, the score on the exit test from primary school, the school to which the
student applied in the first round, and, if applicable, in later rounds, whether the student has priority9,
and whether the student was admitted or lost the lottery.

The survey was administered simultaneously with the application procedure. Together with the official
application form, all students who were in the final grade of primary school received a survey form and
an explanatory letter from us. The letter explains that the survey is for research purposes to find out
whether the school assignment mechanism can be improved and that the responses to the survey will
not affect the outcomes of the current procedure. It emphasizes that data will be treated confidential
and that no information will be reported about individual students. Students were asked to hand in the
survey form (in a return envelope addressed to us) at the school where they applied in the first round.
Students who did not bring a survey form were supposed to receive a copy from the school where they
applied. Appendix B shows the explanatory letter and the survey questions, in translation from Dutch.

The survey is brief and asks to which school the student applied, what the reasons are for applying
to this school, whether the student has priority at the school where (s)he applied, whether it is felt that
there is a risk of losing the lottery and if so whether this chance is high or low, whether the student would
apply to the same school if no single school would conduct a lottery, and how many schools were visited
before choosing a school. We did not ask about students’ social background because we were concerned
that this would lower the response rate. Instead we construct an indicator for being disadvantaged based
on students’ postal code (which is available in the register data). This indicator equals one for students
who live in a neighborhood where average household income is in the bottom 25 percent, zero otherwise.10

The key part of the survey is where it asks students about their preferences for schools. We first
ask students to make a preference list of up to ten schools. The instruction here reads (translated from
Dutch): "We would like to know your preferences for schools in case no single school would conduct a
lottery. You should, therefore, not consider the possibility of losing a lottery. This may imply that you
place another school at place 1 than the school where you applied. You can only list schools that offer the
level of education that corresponds with the recommended level of your child. Hence schools for which
your child would qualify."

While in other settings the phrase "no single school would conduct a lottery" may suggest that
oversubscribed schools will select students on some other ground (e.g. merit), for people with school-aged
children in Amsterdam, and in other Dutch cities with oversubscribed schools, "not conducting a lottery"
is commonly understood as "not being oversubscribed" or "accepting all applications". This is illustrated
by the following quote from a press release (in 2012, one year before the survey) by the association of
boards of secondary schools in Amsterdam: “In comparison to last year, fewer schools need to conduct
a lottery. Within VWO and Gymnasium (pre-university track) there is substantially less incidence of
oversubscription. Because of the extra capacity and recent initiatives, the pressure on this school track
is reduced” (our italics).11 Before we fielded the survey, we tested it with 15 students and parents. In no
single case was there confusion that the list should report schools in order of true preferences.

9Priority based on a pedagogical link between primary and secondary school and priority at a single-track school based
on the result on the exit test are observed for all student-school combinations. Priority given to siblings of current students
and to children of staff members is only observed in the register data at the school where the student applied in the first
round. In 2013, many schools were in the process of phasing out the sibling priority rule and only granted priority to
students with a sibling enrolled at the school in 2010. In addition there are likely only a few students who had priority
because their parent was a teacher at the school. It is therefore unlikely that our results are substantially affected by the
fact that we do not observe priority due to these reasons at the schools where students did not apply.

10Average neighborhood income at the six-digit postal code area is reported by Statistics Netherlands in December 2008.
A six-digit postal code covers a street or part of a street. The bottom 25 percent is based on the sample of students placed
in the pre-university track in Amsterdam in 2013.

11Translated from: http://www.onderwijsconsument.nl/osvo-op-weg-naar-minder-lotingen/
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Figure 1. Example of preference list

Note: Translated from Dutch, the title reads: "Preferences for schools (in accordance with the advised track level)".

Next we ask students to report the intensity of their school preferences. We do this by asking students
to score the schools on their preference list relative to the school they ranked highest. The literal phrasing
is (translated from Dutch): "For each school we ask you to award points. The highest-ranked school
receives 100 points. The points you give to another school, can be seen as a percentage of the highest-
ranked school. The lower a school is on your list, the fewer points you award. If a school on the list is
very close to the previous one, the difference in points is small. For clarity we give some examples." The
examples that we provided make clear that the difference in points that are awarded to schools should
reflect the relative valuation of schools. One of the examples for instance mentions that a student who
values one of the schools on her list at 60 percent of the top-ranked school, awards 60 points to that school.
This seems the most straightforward way to elicit the intensity of students’ preferences.12 Appendix B
contains a translation of the examples from Dutch. Figure 1 shows a preference list submitted by one of
the respondents.13

To construct the DA-counterfactual, we will assume that under this mechanism students submit a list
that corresponds with their elicited preferences. This is in line with the approach in the structural studies
which assume that under DA students submit a list that ranks schools in order of the estimated (cardinal)
utilities. This assumes that under DA, students make no mistakes. Some recent studies point to the fact
that students sometimes make dominated choices under strategy-proof mechanisms (e.g. Rees-Jones,
2018; Fack et al., 2019; Shorrer and Sóvágó, 2020). Fack et al. (2019) report that conditional on both
preferences and priorities being private information, truth-telling is the unique equilibrium if there are no
application cost and uncertainty about admission outcomes is large. These requirements are satisfied in
our setting where application costs are basically zero and admission for most applicants at oversubscribed
schools is based on lottery outcomes instead of test scores or home-school distances. Moreover, when the

12Other questions to elicit cardinal preferences may be closer to economic notions. For example, in a smaller scale
online survey among students transferring to secondary school in the Dutch city of Utrecht, we did not only elicit students’
preference points but also their willingness to travel. The literal question was “Suppose that the favorite school of your
child moves to a new location. How many extra kilometers is your child willing to travel to this school with respect to each
of the other schools on your preference list?” It turns out that many respondents reported identical distances for most of
the schools on their list, while this is not the case for preference points (see de Haan et al., 2021). Also the study by Kapor
et al. (2020) points to the fact that subtle questions about cardinal preferences result in rather uninformative responses.

13Students could rank at most 10 schools. This restriction does not interfere with truth-telling as would be the case if a
preference list submitted for the DA mechanism is restricted in length (e.g. Calsamiglia et al., 2010). We clearly stated that
we would like to know preferences for schools in case no single school would conduct a lottery. We can, therefore, assume
that the preference list of the survey coincides with the highest-ranked schools that would be submitted under a DA system
without restrictions on the length of the preference list.
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secondary schools in Amsterdam switched to DA in 2015, it was explicitly communicated to parents and
students that ranking schools according to their true preferences was in their best interest.

Although we cannot exclude the possibility that the elicited preferences differ from the true prefer-
ences, we believe there are no reasons to expect that students systematically misreport their preferences
to avoid cognitive dissonance. If students make optimal choices (or at least believe that they have made
an optimal choice) under the Boston mechanism in Amsterdam, there is no need for them to misreport
their preferences to avoid cognitive dissonance as they can rationalize their choice by the fact that their
expected utility is highest under the choice that they have actually made. It is important here to stress
that we elicited the preferences simultaneously with the submitted application (and before they learn
their placement) as students might indeed experience cognitive dissonance when they receive information
about their actual placement (and perhaps learn that they have made a mistake).

It can be the case that students misunderstand the question and because of that report their Boston
list instead of their actual preference list. The true preference list and the Boston list only differs for
students who make strategic choices. If some students made a strategic choice but mistakenly submitted
their Boston list as preference list, these strategic choices are unobserved in our data. If these students
made optimal strategic choices, the schools where they applied to are less preferred but “safe” schools.
This implies that the students will very likely be placed at the school where they applied. Since in our
data these schools are falsely registered as the students’ most-preferred schools with the maximum of 100
points, this will result in an overestimation of welfare under Boston.

This type of reporting error will also lead to an overestimation of welfare under DA, but to a lesser
extent. If the reported most-preferred school is a “safe” school and has a higher admission probability than
the true most-preferred school, expected preference points under DA will be higher under the reported
preference list than under the true preference list. However, if the students who misreported would
instead have correctly reported their true preference list in the survey, they would, in our simulations, be
assigned to their true most-preferred school with a relatively high probability (the admission probability)
under DA, while this probability would be zero under Boston (because they strategically not applied to
their most preferred school).

A reason why preference lists submitted in the survey and actual lists submitted under DA may
differ, is that the amount of acquired information may differ. The survey responses are based on the
information that students acquired while the current mechanism is in place. Optimal choices under the
current mechanism require both ordinal and cardinal preferences, while optimal choices under DA only
require ordinal preferences. We therefore believe that the survey responses are based on more information
than is strictly needed for optimal choices under DA.

In the Amsterdam version of the Boston mechanism, students do not submit a rank ordered list
of schools, instead they apply to one school. Only for students who lose the lottery for their school
of application, second round choices are observed. To simulate the Boston mechanism, we constructed
Boston lists for all participants as follows. The first round choice of students’ Boston list is the school
to which they actually applied. As the second round choice, we impute for all students the optimal
choice (highest expected preference points) among the schools that still have vacant seats, based on the
preference points students report in the survey and the second round admission probabilities for each
school. We assume that students who are not placed in the second round, are in the third round placed in
their highest ranked safe school. Appendix C describes how second round admission probabilities under
Boston are computed.
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3.2 Descriptive statistics

Students Table 1 reports descriptive statistics for all 1915 students in the pre-university track who
participated in the Amsterdam secondary-school match in 2013. Close to half of the students is female.
By construction a quarter of the students in our sample live in a low-income neighborhood and are
therefore assigned to the disadvantaged background category. The score on the exit test from primary
school is expressed on a scale from 500 to 550. Students who are assigned to the pre-university track
typically have a score of 545 or above. Almost 25 percent of the students in this track have the maximum
(top-coded) score of 550.

Table 1. Students: descriptive statistics

All students (N = 1915): Mean SD

Girl 0.472 0.499
Disadvantaged background 0.257 0.437
Low test score (<547) 0.432 0.495
Medium test score (547-549) 0.326 0.469
High test score (550) 0.242 0.428
Lives outside Amsterdam 0.186 0.388
Distance to school of application 4.113 3.953
No priority at school of application 0.060 0.237
Middle priority at school of application 0.795 0.404
High priority at school of application 0.146 0.353
Applied to single-track school 0.591 0.492
Responded to survey 0.637 0.481
Notes: The table presents means and standard deviations. Test score is the score on the nationwide exit test from primary
school. The score runs from 500 to 550. Students admitted to the pre-university track usually have a score of at least 545.
Disadvantaged background is based on monthly average taxable income in the (6-digit) postal code area of residence of the
student, measured in December 2008. The top 75 percent and bottom 25 percent are based on the sample of students in
the pre-university track in Amsterdam in 2013.

Between eighteen and nineteen percent of the applicants live outside the city borders of Amsterdam.
The average distance between students’ home address and the school of application is 4.1 kilometers. Most
secondary school students in Amsterdam travel from home to school by bicycle, the average distance is
therefore equivalent to a commute of slightly more than 20 minutes. Less than 15 percent of the students
has high priority in the school where they applied, almost 80 percent belongs to the middle-priority group,
and 6 percent to the no-priority group. Almost 60 percent of the students applied to a single-track school.

Close to 64 percent of the students (1220) responded to the survey. Table 2 shows results from
a regression (using a logit specification) of survey response on student characteristics and school of
application fixed effects. This shows that girls are 5.7 percentage point more likely to respond than
boys and that students living outside of Amsterdam are less likely to respond than students living inside
Amsterdam. The school fixed effects are jointly significant, reflecting that some schools were more
successful than others in demanding students to fill out the survey.
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Table 2. Logit model of survey response

Average marginal effect

Girl 0.057**
(0.021)

Disadvantaged background 0.015
(0.026)

Middle priority at school of application 0.068
(0.046)

High priority at school of application 0.053
(0.055)

High test score 0.032
(0.030)

Medium test score 0.010
(0.026)

Lives outside Amsterdam -0.225***
(0.026)

χ2 School fixed effects 184.75
Log likelihood -1065.07
Note: Table reports average marginal effects from a logit regression of survey response on student characteristics. Number
of observations is 1908. Standard errors are reported in parentheses.

Based on the logit regression we construct propensity scores which we use to deal with non-response.
In some analyses we use the (inverse of the) propensity scores to weigh students so that the statistics are
representative for the population of students at the pre-university level in Amsterdam. In other analyses
we use the propensity scores to match non-respondents to respondents to impute preference lists for the
former. Imputation is needed because we want to compare mechanisms for the same (potential) groups of
applicants. For each student for whom we impute a preference list, we compute the differences between
her/his propensity scores and the propensity scores of all survey respondents applying to the same school.
Next, we randomly draw (with replacement) one respondent to impute the missing preference list, where
the probability that a respondent is drawn is proportional to a Gaussian kernel in the difference in
propensity scores with a bandwidth of 0.05.

We assess the robustness of our findings with regard to the imputation procedure in three ways.
First, we show that propensity scores based on different specifications of the logit model have correlation
coefficients above 0.99. Our results are thus not driven by the specific specification of the logit model
that we use for the main results. Second, we present results for three alternative matching procedures:
one where we reduced the bandwidth to 0.01, one where non-respondents are randomly matched to
respondents who applied to the same school, and one where each non-respondent is matched to the
respondent who applied to the same school and has the nearest propensity score. Third, we restrict the
analysis to respondents and reduce school capacities proportional to school-of-application-specific non-
response rates. The results of these robustness analyses are very similar to the main results presented in
Section 5.

As with any survey, there can be doubts about the quality of the responses. One indication that
respondents took the survey seriously and reported accurately is that 99.4 percent of the respondents
gave a correct answer to the question about the school they applied to.14 Further, only two respondents
awarded preference points to the 2 respectively 3 schools on their lists that exactly added up to 100,
which could be a signal of misinterpreting the question about preference points.

Figure 2 pictures the distribution of the number of schools that students include in their preference
14In Kapor et al. (2020) where the survey is administered some time after the application, 72 percent of the respondents

gave a correct response to the question to which school they applied.
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list together with the average number of preference points by schools’ rank on the preference lists. This
shows, for example, that 30 percent of the respondents rank three schools, and that the average number
of points awarded to the third school on the list is slightly below 70.

Figure 2. Length of list and mean preference points by rank on preference list
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Note: Figure is based on the 1220 students that responded to the survey and are advised the pre-university track. If students filled
out a list with at least 2 schools but did not fill out points for some of the listed schools we impute average preference points given
to the rth ranked schools by students who ranked the same number of schools on their preference list.

Discrete choice models of school demand typically express utility differences between schools or school
attributes in terms of home-school distance equivalents. To relate the preference points that students
assign to schools to distances, we have regressed preference points on the home-school distance (in kilo-
meters), while including student fixed effects and school fixed effects.15 Columns (1) and (2) of Table 3
show results from a linear specification. We see in column (1) that there is a significant negative relation
between the home-school distance and preference points. A difference of 1 preference point corresponds
to a change in the home-school distance of around 0.340 (= 1/2.9) kilometers. Columns (3) and (4) show
results from a logarithmic specification. This results in a rather similar relation between preference points
and distance. One preference point corresponds approximately to a change in the home-school distance of
8.0 percent or 0.328 kilometers, evaluated at the mean distance of 4.1 kilometers (≈ (e1/−12.00−1)×4.1).

15The home-school distance is defined as the geodetic distance between the six-digit postal code of the home address of
the student and the six-digit postal code of the school.
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Table 3. Preference points and distance from home to school

(1) (2) (3) (4)

Distance -2.91*** -2.83***
(0.60) (0.57)

Ln(Distance) -11.90*** -12.00***
(1.98) (1.93)

Nr. students 1220 1220 1220 1220
Nr. schools 29 29 29 29
Sampling weights no yes no yes
Note: Each column reports results from a separate regression. Distance is defined as the geodetic distance (in kilometers)
between the six-digit postal code of the home address of the student and the six- digit postal code of the school. All regressions
include student and school fixed effects. Standard errors (between parentheses) are clustered at the student and at the school
level. Sample are students that responded to the survey and are advised the pre-university track. Regressions in columns (2) and
(4) are weighted by the inverse of the predicted probability of response. Unlisted schools are assigned zero points. *** significant
at the 1 percent level.

Schools Table 4 lists the 28 schools in Amsterdam that offered the pre-university track in 2013. Schools
are ranked in order of their number of applicants in 2013, reported in column (1). The single-track schools
are in high demand. They occupy positions 1 to 7 for number of applicants and are separated in the table
by the horizontal line. Column (2) reports schools’ announced capacity. The totals of columns (1) and
(2) show that total capacity is sufficient to place all students. These columns also show that the total
number of applicants at single-track schools exceeds the total capacity of these schools; 1131 students
applied to a single-track school, while their joint capacity equals 1110. Column (3) indicates that five
schools had to conduct a lottery; three of these are single-track schools, the other two are comprehensive
schools.16

Column (4) reports the numbers of students that top-ranked each school in the survey, weighted by
the inverse of the predicted probability of response. This shows that the excess demand at the single-
track schools with lotteries and at all single-track schools together is dampened by strategic behavior.
If all students would have applied to their most-preferred school, 1214 students would have applied to a
single-track school, and the total demand for the 456 places at HAL, Ignatius and Barlaeus would have
been 557 instead of 525. Furthermore, Hyperion and 4e Gymnasium did not have to conduct lotteries
because some of the students who top ranked these schools in the survey, strategically applied elsewhere.
Interesting is also the case of Damstede which is located close to Hyperion in the northern part of the
city. Damstede is top ranked by only 37 students but with 60 applicants it fills its entire capacity in the
first round.

The five oversubscribed schools that conducted admission lotteries in 2013, rejected a total of 77
students through lotteries.17 While the number of lottery losers is relatively small, the number of lottery
participants is not. 713 (37 percent) of the students in the pre-university track participated in a lottery.
Moreover, some schools were quite close to being oversubscribed. Hyperion, Cygnus, 4e Gymnasium and
Caland are schools where the number of first-round applicants exceeds 90 percent of the school’s capacity.
With a slightly different composition of the pool of applicants, these schools would also have to reject
students (see the ex ante admission probabilities in Table C1 in the appendix).

The shortage of places in popular schools is 182 seats to place all students in their most-preferred
school. This means that no assignment mechanism can place more than 90.5 percent of the students in

16Table C1 in the appendix reports for each school interim and ex ante admission probabilities by priority group and
round. This shows that first-round admission probabilities for students in the middle priority group are never below 0.80.
This implies that strategic behavior is only optimal for these students if the utility difference between their most-preferred
school and school of application is quite small.

17Taking the sum over the positive differences between registrations and capacity gives a total of 93 students. This
number is larger than the number of students that lost a lottery. Some students who applied for a school changed their
mind after the end of the application period but before the lotteries were conducted, or were rejected by the school to which
they applied because their test score was too low.
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Table 4. Schools: applications, capacities and response rates

School name Nr. of Capacity Lottery Nr. that Over- Survey
applicants top-ranked subscribed response

schoolc based on
preferences

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

HAL 203 171 yes 231 yes 0.60
Hyperion 177 189 209 yes 0.80
Ignatius 171 145 yes 193 yes 0.91
Cygnus 160 175 149 0.55
Barlaeus 151 140 yes 160 yes 0.57
4e Gymnasiuma 143 140 155 yes 0.73
Vossius 126 150 117 0.63

St.Nicolaas 118 95 yes 114 yes 0.95
Caland 77 84 66 0.51
Fons Vitae 70 69 yes 60 0.43
Spinoza 68 78 72 0.65
Damstedeb 60 59 40 0.40
MLA 56 112 50 0.68
Berlage 47 112 47 0.45
Nieuwland 46 56 49 0.46
Geert Groote 43 60 37 0.33
HL Zuid 34 50 24 0.35
Gerrit vd Veen 31 48 30 0.42
Cartesius 29 70 20 0.66
Reigersbos 23 75 24 0.61
Outside A’dam 16 15 0.38
IJburg 16 50 13 0.44
Comenius 13 50 13 0.62
OSB 10 100 7 0.50
Cosmicus 9 48 4 0.22
HL West 8 50 7 0.63
CSB 5 28 5 1.00
Bredero 3 10 0 0.67
Maimonides 2 20 2 1.00
Total 1915 2434 1915
aThe number of applicants at 4e Gymnasium is higher than the capacity, but is was not officially oversubscribed because 3 pupils
had test scores which were too low and one student withdrew the application. bThe number of applicants at Damstede is higher
than the capacity, but also this school was not officially oversubscribed because one student with a test score which was far too
low (533) was rejected. cThis column is based on the survey data. Number of students are scaled up using the estimated sampling
weights.
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their most-preferred school. The shortage of 182 seats corresponds to 21 percent of the current capacity
of the six schools that are top ranked by more students than their capacity.

Table 4 shows that only five schools are oversubscribed and that only six schools would have been
oversubscribed based on students’ most-preferred schools. If the ordinal preferences of the students
would have been uncorrelated about 12 schools would have been oversubscribed.18 This comparison of
the numbers of oversubscribed schools under actual and uncorrelated preferences, indicates that actual
preferences are highly correlated in Amsterdam. As indicated by Abdulkadiroǧlu et al. (2011) a high
correlation in ordinal preferences is one of the conditions under which Boston may outperform DA in
terms of interim (and ex ante) welfare.

4 Methodology

This section discusses methodological issues that are essential for our analysis. We start with discussing
the welfare measures that we use to compare allocations between assignment mechanisms. We distinguish
between the measures themselves (Subsection 4.1) and the sources of uncertainty that are taken into
account (Subsection 4.2). Subsection 4.3 discusses how we define and operationalize strategic mistakes
and Subsection 4.4 describes how we simulate allocations in which all students make jointly optimal
choices under Boston. To examine whether our findings are driven by specific features of demand and
supply in the Amsterdam setting, we use our data to perform a structural demand analysis similar to the
approach of Agarwal and Somaini (2018); Subsection 4.5 describes the procedure. Finally, Subsection 4.6
describes how standard deviations of ex post, interim and ex ante welfare measures are computed.

4.1 Welfare measures

Similar to Agarwal and Somaini (2018), we compare allocations between school assignment mechanisms
on the basis of three measures of students’ welfare. The first measure is based on the rank that the school
of placement has on a student’s preference lists. Between mechanisms we compare the shares of students
placed in their most-preferred school, in their top 2, in their top 3, and so on. Although such rank
measures have clear limitations from a welfare perspective, they are in reality often the only summary
information that school districts report about the school assignment ("x percent of students are placed
in their top-k"). These measures are therefore important from the perspective of policymakers.

The other two measures are based on the utility levels that students attribute to the schools to which
they are assigned. The first one calculates the (expected) utility levels of the schools of placement for
each student for each mechanism and reports the shares of students that are better and worse off from
switching from Boston to DA. The other measure compares the mean (expected) utility levels of the
schools of placement averaged across all students between mechanisms. This measure of mean welfare
across students is the main welfare measure in the related literature (cf. He, 2014; Agarwal and Somaini,
2018; Calsamiglia et al., 2020; Kapor et al., 2020).

The shares of students that are better or worse off from switching from Boston to DA (or vice versa)
relate to the Pareto efficiency of a switch. The welfare comparison based on the shares of students
who gain or lose, requires a utility measure for which the mean for an individual student over different
realizations (lottery draws) is meaningful. This seems a sensible operation for the preference points that
we elicited in the survey. The preference points awarded to a particular school correspond to the valuation
of that school as a percentage of the top-ranked school. A student with a 50 percent admission probability
for the top-ranked school and a 50 percent admission probability for a school to which she awarded 60

18Following Abdulkadiroǧlu et al. (2011), we randomly assign a school of application to each student, compare the number
of applications to the number of available seats at each school and count the number of oversubscribed schools. We repeat
this procedure 100 times to find the expected number of oversubscribed schools under uncorrelated preferences.
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points, then has expected utility (preference points) equal to 80. This should then be compared to
expected utility levels that the same student obtains from other combinations of admission probabilities
and preference points.

A comparison between mechanisms on the basis of the means of (expected) utility levels across different
students, requires that (expected) utility levels can be compared between students. The preference points
elicited in the survey are scaled from 0 to 100 and this scale is the same for all students. Averaging over
students therefore implies that a value of 100 as well as valuations relative to 100, both have the same
meaning for different students.19 These are strong assumptions. One student may have larger learning
gains from placement in her top school than another student. Likewise, some parents may be willing to
pay more to go up from 60 to 100 preference points than other parents. Giving all students the same
weight, seems, however, sensible from the perspective of a public school district that does not want to
favor some students over others and where each parent has one vote in local elections.

A possible concern with interpersonal comparisons is that students with different sophistication levels
interpret the scales differently. If less sophisticated students respond to the survey with less care by
compressing their answers then it would look as if these students erroneously did not act strategically,
which hurts the welfare calculations under the Boston mechanism. To examine this possibility we use
“living in a disadvantaged neighborhood” and “test scores in primary school” as proxies for students’
sophistication. Figure 3 shows box plots of the difference in preference points between the first and second
preferred schools separately for disadvantaged and non-disadvantaged students and separately for students
with low, medium and high primary school test scores. This shows that disadvantaged students and those
with low test scores do not have more compressed answers compared to non-disadvantaged students or
students with higher test scores. There are thus no indications in the data that less sophisticated students
(proxied by low test scores or living in a disadvantaged neighborhood) answer the survey questions with
less care.

Figure 3. Box plot difference in points 1st and 2nd ranked school by disadvantaged and test score
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Difference in preference points first and second ranked schools
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Non-disadvantaged

Low test score
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Note: Figure based on the 1220 students in the pre-university track who responded to the survey. Box plots are weighted by the
inverse of the predicted probability of response. If a student filled out a preference list with only 1 school, it is assumed that (s)he
is indifferent between all remaining schools and the difference in points between the first and second ranked school is set to 100.

19This requires that any affine transformation of preference points yields the same information (cardinal scale measur-
ability) and that this transformation is the same for all students (full comparability) (cf. d’Aspremont and Gevers, 2002;
Roberts, 1980).
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4.2 Uncertainty

Each welfare measure can be defined from three different uncertainty perspectives: ex post, interim and
ex ante. From an ex post perspective, the population of students and the draw of lottery numbers are
taken as given. This perspective is the most salient one in practice because this is what students and
schools observe as the outcome of the match. From an interim perspective, the population of students is
given but the draw of lottery numbers is not. This perspective is what truly matters for students who
participate in the match when they fill out their ranking of schools. The interim perspective is also the
perspective in the paper of Abdulkadiroǧlu et al. (2011), the results of which are the main motivation
for the recent empirical studies of school assignment mechanisms. Finally, from an ex ante perspective,
neither the population nor the draw of lottery numbers is given.20 This perspective is most relevant for a
policymaker who chooses an assignment mechanism that will be in place for some period of time and who
does not know the exact composition of future cohorts. This is also the relevant perspective for students
who are uncertain about the preferences of the other students in their cohort.

The three welfare measures – rank measures, shares of winners/losers and mean welfare – and the
three uncertainty perspectives – ex post, interim and ex ante – result in nine different expressions of
evaluation measures. Table 5 presents them. First, consider the share of students assigned to their
most-preferred school from an ex post perspective. This takes for a given draw of lottery numbers (l)
and a given mechanism (m) the number of students that is assigned to their most-preferred (MP ) school
and divides this by the total number of students (N). This is repeated for L draws of lottery numbers,
and the average of the resulting L shares is the measure of interest. For the share of students placed
in their most-preferred school from an interim perspective we arrive at the same expression, but the
order of operations is reversed. We first calculate the share of lottery draws for which each given student
is assigned to her most-preferred school and then average these shares over all students. The share of
students assigned to their most-preferred school from an ex ante perspective is derived as follows. The
set Pp describes the students included in population draw p. For each student in the data we compute
the rate of being assigned to their top choice over all population draws in which the student is present
and next we average over all students.21 The interpretation of the ex ante perspective is thus that each
student in the data participates in a lottery where she does not exactly know the composition of the other
students in the lottery.

Panel B of the table starts with the expression for the share of winners from an ex post perspective.
For a given draw of lottery numbers this calculates the share of students who obtain fewer preference
points (PP ) under Boston than under DA. This is subsequently averaged over different lottery draws. The
share of winners from an interim perspective is calculated by averaging for each student the difference
in preference points under Boston and DA over different draws of lottery numbers, and subsequently
calculating the share of students for whom this difference is negative.

Finally (Panel C), mean preference points from an ex post perspective is calculated as the mean num-
ber of preference points across all students for a given draw of lottery numbers and subsequently taking
the average of these over different lottery draws. Mean preference points from an interim perspective
first takes the average of preference points for each student over different draws of lottery numbers and
averages these over all the students in the population. Mean preference points from an ex ante perspective
are obtained by computing for each student in the data mean preference points over all population draws
in which the student is present and next averaging over all students.

20We follow the terminology suggested by Troyan (2012), who notes that many studies refer to "interim" as "ex ante".
He makes the point that the theoretical result of Abdulkadiroǧlu et al. (2011) that the Boston mechanism Pareto dominates
DA, only holds for interim welfare when there are no school priorities. He then shows theoretically, that with priorities
Boston Pareto dominates DA when an ex ante utility perspective is used.

21Since populations are drawn with replacement a student can appear multiple times in the same population. Then each
of the outcomes for the student is taken into account.
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Table 5. Expressions of evaluation measures
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Note: Each cell gives the expression for a measure to evaluate the allocation resulting from mechanism m ∈ (DA;B). MPi

is an indicator equal to one if student i is placed in her most-preferred school, zero otherwise. N is the total number of
students. l is a particular draw of lottery numbers, L is the collection of draws of lottery numbers. p is a particular draw
of the population, P is the collection of draws of populations and Pp is the set of students included in population draw p.
PPi are the preference points student i awards to the school to which she is assigned. I() is an indicator equal to one if the
expression in parentheses holds, zero otherwise. Shares of students assigned to second and third ranked schools are defined
similarly as the share assigned to their most-preferred school. Share of losers is defined in a similar way as the share of
winners.
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4.3 Strategic mistakes

The potential gain of strategic choices under the Boston mechanism introduces the possibility that stu-
dents make strategic mistakes. A student is considered to make a mistake if expected utility from the
actual application choice is lower than expected utility from the optimal application choice given the
choices of other students. The expected utility from a specific application choice is based on the vector
of the student’s preference points for schools and a vector of admission probabilities corresponding to the
application choice. We focus on mistakes from an interim perspective. Mistakes from an ex post perspec-
tive can hardly be considered mistakes as that would assume that students know the lottery result before
applying to a school. Because ex ante and interim admission probabilities are very similar, students who
make a mistake from an ex ante perspective also tend to make a mistake from an interim perspective.22

When reporting on strategic mistakes, we distinguish between students who did not apply to their
most-preferred school, the revealed-strategic students, and students who applied to their most-preferred
school, the not-revealed-strategic students. We report the share of students making mistakes as well as
the average loss due to mistakes for both groups separately.

Students can make strategic mistakes because they have biased beliefs about admission probabilities
and/or because they make optimization errors given their beliefs. A reason for optimization errors is
regret aversion, which could bias decisions in different directions. Some students may opt for a safe
school because they fear the regret of losing the lottery at a more risky option. Other students may do
the opposite and opt for a risky school because they fear the regret of foregoing the opportunity to win
the lottery.23 With the use of survey data on cardinal preferences, we cannot separate mistakes due to
biased beliefs from mistakes due to optimization errors. We can only measure their joint contributions.24

Since only the Boston mechanism potentially rewards strategic choices, this is the only mechanism
where students can make strategic mistakes. We follow the related literature assuming that under the
DA mechanism, students submit a list where they rank schools in order of their true preferences. As
we argued above, while some recent studies point to the fact that students sometimes make dominated
choices under strategy-proof mechanisms, the conditions for truth-telling to be the unique equilibrium
are satisfied in our setting (cf. Subsection 3.1).25

4.4 Optimal Boston

An important question is how much welfare can be gained if none of the students would make a strategic
mistake under Boston. Above we defined strategic mistakes as deviations from optimal choices given the
choices of other students. Correction of all these mistakes at the same time is unlikely to be feasible
because the correction of the mistake of one student may conflict with the correction of the mistake of
another student. Moreover, the correction of mistakes may turn some previously optimal choices into
mistakes.

Optimal Boston choices depend on the distribution of preference points and on admission probabilities
for all schools in all rounds. These admission probabilities in turn depend on students’ application choices.

22In our data only four students make a mistake based on ex ante probabilities but not on interim probabilities.
23Regret aversion gives rise to decisions that deviate from expected utility maximization. These decisions can be considered

optimal from an individual perspective given a utility function that takes regret aversion into account.
24Note that with information about subjective admission beliefs, Kapor et al. (2020) only capture mistakes due to biased

admission beliefs, and assume optimal choices given these beliefs.
25A number of papers shows that that not all strategy-proof mechanisms are equally likely to prevent students from

making mistakes and that not all manipulable mechanisms are equally likely to be prone to mistakes. Pathak and Sönmez
(2013) introduce a way to rank school assignments mechanisms in terms of how manipulable they are. As Roth (2008),
they emphasize that policymakers prefer simple strategy-proof mechanisms over more complex manipulable ones. Azevedo
and Budish (2019) show that some manipulable mechanisms like proxy Boston are approximately strategy proof in large
markets. Finally, Ashlagi and Gonczarowski (2018) use the concept of “obviously strategy proofness” of Li (2017) (for any
deviating strategy, the worst outcome under truth telling is weakly better than the best outcome under manipulation) to
show that DA is only obviously strategy proof if it is implemented by sequential random serial dictatorship.
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To compute the maximum potential of the Boston mechanism in our setting, we use an iterative approach.
In the initial step all students choose their actual school of application for the first round and for the
second round the school with the most preference points that still has empty seats after the first round
and subsequently for the third round. Then, the corresponding admission probabilties are computed
that result from these choices. In the next step, we compute the optimal choices for each student
given the computed admission probabilities and the preference points. Again, we compute the admission
probabilties corresponding to these choices. We repeat this step until the admission probabilities converge
and choices of students do not change anymore.26

4.5 Structural demand analysis

To assess whether our main findings are driven by specific features of demand and supply in the Amster-
dam setting, we use our data to perform a structural demand analysis similar to the approach of Agarwal
and Somaini (2018). Whereas Agarwal and Somaini have information of students’ rankings of up to three
schools under the Boston mechanism, we know for the vast majority of students only to which school
they applied. Only for the first-round lottery losers, we know the school they applied to in the second
round.

We assume that students maximize their expected utility, which implies that if student i applies to
school sA, the following inequalities hold:

p1isAUisA + (1− p1isA)VisA ≥ p
1
isjUisj + (1− p1isj )Visj ∀ j 6= A (1)

where Uisk is the match-specific utility for student i of attending school sk, p1isk is the admission proba-
bility for student i if she applies to school sk in the first round. This probability differs between students
depending on their priority status at school sk. Visk is the utility in the second round for student i who
applied to school sk in the first round, which can be written as:

Visk = max
l 6=k

p2slUisl + (1− p2sl)max
C∈R

UisC

where R is the set of schools that always have sufficient capacity after the second round. p2sl is the
probability to be admitted to school sl in the second round. This probability is the same for all students
because there are no priority rules after the first round. We assume that students have rational expec-
tations about their admission probabilities in both rounds. The match-specific utility is parametrized
as:

Uis = αs +Xisβ + εis,

where αs are school fixed effects and Xis contains variables describing the student-school interaction
including home-school distance and interactions of the gender and the score on the final exit test from
primary school of student i with whether school s is a single-track school. The random utility component
εis follows an extreme value type-I distribution. To estimate the unknown parameters αs and β, we apply
simulated maximum likelihood estimation. For each school sj to which student i did not apply, we draw
B times εbisj . For each draw b = 1, . . . , B, we calculate a lower bound for the utility of student i’s chosen
school (sA): U bi,lower using Equation (1). Appendix F provides details of the derivation of these lower
bounds.

Denoting the school of application of student i by sAi, the log-likelihood function equals
26To avoid that between steps admission probabilities jump we slightly reduce the rate at which admission probabilities

update. See Appendix E for further details.
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L(α, β) =
N∑
i=1

log

(
1

B

B∑
b=1

1− F (U bi,lower − αsAi
−XisAi

β)

)
where F (x) = exp(− exp(−x)) is the cumulative distribution function of the type-I extreme value distri-
bution. Following Agarwal and Somaini (2018), we first use simulations to estimate the first and second
round admission probabilities before optimizing this log-likelihood function. Appendix C discusses in
detail how we estimate the admission probabilities. For the optimization of the log-likelihood function
we use B = 150.

After the school fixed effects αs and the parameter vector β are estimated, we use simulation methods
to obtain estimated utilities. For this we first draw for all schools to which a student did not apply
a value using Uisj = αsj + Xisjβ − log(− log(u)), where u is a draw from a uniform distribution. We
denote the schools to which a student did not apply by sB , . . . , sn. To draw a value for the utility of
student i for school sA we use again UisA = αsA +XisAβ − log(− log(u)), where u is now drawn from a
uniform distribution which is left truncated at qiA = exp (− exp (αsA +XisAβ −max(UisB , . . . , Uisn))).
For each draw of the utilities we compute the weight of this draw which we take into account in the
simulations. The weight wi equals the probability that the utility for the school of application exceeds
the lower bound, so 1− F (U bi,lower − αsA −XisAβ).

4.6 Inference

As described in Section 4.2 we simulate welfare measures defined from three different uncertainty per-
spectives; ex post, interim and ex ante. The variation in the welfare measures over the simulation draws
under each uncertainty perspective reflects the magnitude of the uncertainty. In Section 5 we therefore
report standard deviations of the simulation draws of the welfare measures separately for each of the
three uncertainty perspectives.

For the ex post and interim uncertainty perspectives the population is defined as the 1915 students
who applied for a secondary school in Amsterdam in 2013. This implies that for the ex post perspective,
where the welfare measures are averages over the population, the variation in the welfare measures over
the simulation draws is solely due to variation in the different draws of lottery numbers. Under the interim
uncertainty perspective the welfare measures are averages over the draws of lottery numbers. This implies
that, under the interim perspective, the variation in the welfare measures over the simulation draws are
not due to variation in draws of lottery numbers but are instead due to variation in the matching of
preference lists to non-respondents.

For the ex ante welfare perspective the 1915 students who applied for a secondary school in Amsterdam
in 2013 are no longer defined to be the population, but constitute a draw from the population of interest.
For the ex ante welfare perspective the variation in the welfare measures over the simulation draws is
therefore both due to variation in the draws from the population and due to variation in the matching
of preference lists to non-respondents.

Appendix G gives the formulas used to obtain the standard deviations of the simulation draws of the
welfare measures under each of the three uncertainty perspectives.

5 Results

This section presents our findings on the share of students that are revealed strategic (Subsection 5.1)
and on the comparison of the welfare effects of different assignment mechanisms (Subsection 5.2).
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5.1 Strategic behavior

Table 6 reports the share of students who did not apply to the school which they ranked first on their
preference list in the survey. The shares are obtained by weighting observations with the inverse of the
estimated propensity scores of responding to the survey. The share of revealed-strategic students equals
6.4 percent, and is very similar for boys and girls (p = 0.577) and for students from different social
backgrounds (p = 0.742). Students with a relatively low score on the exit exam of primary school are
more likely to be revealed strategic than students with medium or high scores (p = 0.001). Students
whose most-preferred school turns out to be oversubscribed, tend to be more likely to apply to another
school than students whose most-preferred school is not oversubscribed. This difference is, however, not
statistically significant (p = 0.146).

Table 6. Shares of students that did not apply to their most-preferred school

A: All

0.064
(0.008)

B: Gender: Girls Boys

0.060 0.068
(0.010) (0.012)

C: Background: Disadv Not Disadv

0.070 0.064
(0.015) (0.009)

D: Test score Low Medium High

0.103 0.045 0.034
(0.016) (0.011) (0.011)

E: Most preferred school is oversubscribed: Yes No

0.078 0.054
(0.013) (0.010)

F: Difference pref. point 1st & 2nd schoola: 0-5 6-10 11-20 21-100

0.104 0.061 0.056 0.050
(0.019) (0.016) (0.017) (0.015)

Note: Each panel reports the result from a regression of an indicator for not applying to the most-preferred school on dummies

for the respective categories. The regressions do not include a constant term. Shares are weighted by the inverse of the predicted

probability of response. Robust standard errors between parentheses. aIf students filled out a list with at least 2 schools but did

not fill out points for second listed schools we impute average preference points given to the second ranked schools by students who

ranked the same number of schools on their preference list.

Theory predicts that students with strong preferences for their most-preferred school are, with equal
admission probabilities, less likely to behave strategically than students with weak preferences for their
most-preferred school (Abdulkadiroǧlu et al., 2011). To test this prediction, we divide the sample into
four (almost) equally sized groups, based on the difference in preference points between the first-ranked
and the second-ranked school on students’ preference lists. Panel F of Table 6 reports the shares of
students that did not apply to their most-preferred school for each of the four groups. In accordance
with the theoretical prediction, the share of students not applying to their most-preferred school follows
a monotonic patterns and equals 10.4 percent in the first quartile and 5.0 percent in the fourth quartile.
The difference between these two groups is statistically significant (p = 0.022).

We conclude that admission probabilities and the intensity of preferences indeed play a role for choices
that students make under the Boston mechanism. Students tend to be more likely to apply to another
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school than their most-preferred school if the latter turns out to be oversubscribed, and students with
strong preferences for their most-preferred school are less likely to choose strategically than students
with weaker preferences. These are important findings as it means that two conditions for the Boston
mechanism to outperform DA in terms of mean welfare, are satisfied.

5.2 Comparing assignment mechanisms

Table 7 compares allocations under Boston with allocations under DA-STB and DA-MTB. The first three
columns pertain to the ex post perspective, columns (4) to (6) to the interim perspective and columns (7)
to (9) to the ex ante perspective. The first two rows in column (1) show that under the Boston mechanism
88.8 percent of the students are placed in their most-preferred school and 97.8 percent in their top 3.
DA-STB places 1.0 percentage points more students in their top choice and 0.7 percentage point more
in their top 3 (column (2)). In contrast, DA-MTB places 0.8 percentage points fewer students in their
top choice and 1.1 percentage points more students in their top 3 (column (3)). These percentages are
identical when assessed from an interim perspective (columns (4) to (6)), and are somewhat different
when assessed ex ante (columns (7) to (9)).

Table 7. Comparison of welfare based on preference points

Outcome
Ex post Interim Ex ante

Boston ∆B→DA
STB

∆B→ DA
MTB

Boston ∆B→DA
STB

∆B→ DA
MTB

Boston ∆B→DA
STB

∆B→ DA
MTB

(1) (2) (3) (4) (5) (6) (7) (8) (9)

- Top rank 0.888 0.009 -0.008 0.888 0.009 -0.008 0.898 0.003 -0.020
(0.001) (0.003) (0.005) (0.003) (0.002) (0.003) (0.010) (0.007) (0.011)

- Top 3 0.978 0.007 0.011 0.978 0.007 0.011 0.976 0.007 0.011
(0.002) (0.003) (0.002) (0.002) (0.002) (0.002) (0.005) (0.003) (0.004)

- % winners - 6.9 6.7 - 24.8 25.2 - 27.2 29.8
- % losers - 5.5 6.8 - 38.4 38.1 - 49.5 47.1
- Mean preference points 96.56 0.500 0.447 96.56 0.500 0.447 96.60 0.274 0.103

(0.119) (0.201) (0.203) (0.140) (0.126) (0.128) (0.524) (0.299) (0.327)
Notes: The table reports statistics of allocations under Boston, DA-STB and DA-MTB for different welfare concepts (ex post,
interim and ex ante). Rank is the rank of a school on a student’s preference list as reported in the survey, where 1 is the highest-
ranked school. % winners and % losers indicate the shares of students that would be better/worse off when Boston would be
replaced by Deferred Acceptance. Preference points are based on survey responses, with 100 points for the highest ranked school
and 0 for all unranked schools. To obtain the ex post measures, we compute mean utility and shares of winners and losers for a
specific draw of lottery numbers, next we take the average over all simulations of lottery draws. To obtain the interim measures we
compute for each student the average utility measure over all simulations of lottery draws and on the basis of this whether (s)he
would be a winner or loser in case of switching from Boston to DA. Next we take the average over the population of students in 2013.
To obtain the ex ante measures we take the average of the interim measures over multiple draws of the population (where draws are
with replacement from the 2013 student population in which survey answers from non-respondents are based on kernel matching
with bandwidth 0.05). Standard deviations of the simulation draws of the welfare measures are shown between parentheses. See
Appendix G for the formulas used to obtain the standard deviations.

Figure 4 presents cumulative results at each rank on students’ preference lists. This shows that DA-
STB dominates Boston at each rank on the preference list. DA-STB places more students in their top
choice than DA-MTB, but DA-MTB does better from the top 2 onwards.
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Figure 4. CDF of the interim assignment of students to schools on their preference list
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The next two rows report the shares of students that win or lose in terms of (expected) preference
points from a shift from Boston to DA. Focusing first on the ex post perspective, we see that 6.9 percent
(6.7 percent) of the students gain from replacing Boston by DA-STB (DA-MTB) and that 5.5 percent
(6.8 percent) of the students lose. These shares are substantially higher when evaluated from an interim
or ex ante perspective, then around 24 percent to 30 percent of the students gain and 38 percent to 50
percent of the students lose. The shares of winners and losers are so much larger from interim or ex
ante perspectives than from an ex post perspective because for a specific draw of lottery numbers (the ex
post perspective), there is for most students no difference in the school to which they are assigned under
Boston and DA. This is not the case when assignments are averaged out over different draws of lottery
numbers (and different populations). The fact that there are both winners and losers from a switch,
implies that a switch in either direction is not a Pareto improvement.

The final row of the table compares the allocations of Boston and DA in terms of mean (expected)
preference points. The Boston mechanism results in a mean of 96.56 preference points. With DA-STB
(DA-MTB) the mean is 0.50 (0.45) preference points higher. In terms of preference points, the gains of the
winners from a shift from Boston to DA thus exceed the losses of the losers. The gain in mean expected
preference points drops to 0.27 (0.10) when taking population uncertainty into account (columns (8) and
(9)). This shrinkage of the gain is partially mechanical and due to the higher correlation of student
preferences due to the sampling with replacement for the ex ante evaluation. This higher correlation of
preferences is advantageous for the Boston mechanism (cf. Abdulkadiroǧlu et al., 2011).

How should we think about an average gain of 0.5 preference point on a scale from 0 to 100? Evaluated
at a distance of 4.1 kilometers, an increase in preference points of 0.5 corresponds to a decrease in
the home-school distance of 4 percent

(
= e

0.5
−12.00 − 1

)
or 167 meters.27 For comparison, Agarwal and

Somaini (2018) find that, on average, students prefer the assignments under the Cambridge mechanism
by an equivalent of 0.078 miles (0.13 kilometers) to the assignments under DA. Our estimates are thus of
similar magnitude but of opposite sign. It is important to realize that the mean gain of switching from
Boston to DA is calculated as an average over all students, including those that are unaffected and those
that lose. This implies that those who gain, gain substantially. This can be seen in Figure 5 which shows
scatter plots of the expected preference points under Boston versus DA-STB (left) and DA-MTB (right).

27Using the result in column (4) of Table 3.
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Figure 5. Interim preference points Boston versus DA
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The circles above the 45 degree line represent the winners in case of a switch from Boston to DA and the
circles below the 45 degree line represent the losers from such a switch. While the expected preference
points for the losers are only somewhat lower under DA than under Boston, for a substantial share of
those that would win from a switch to DA the expected preference points under Boston are much lower
than under DA.

Another way to interpret the average utility gain of 0.5 preference points is to compare it to the
average welfare loss that is currently incurred by not being able to assign all students to their most-
preferred school. This loss of 3.44 (= 100 − 96.56) points is reduced by 15 percent to 2.94 by switching
from Boston to DA.

Table 8 shows that the welfare results of assignment mechanisms differ across groups of students.28

Panel A repeats the results from columns (4) to (6) of the previous table. Panel B shows that the average
gain from switching from Boston to DA is larger for girls than for boys (0.70 vs 0.31 preference points).
More salient is that the gain for students from a disadvantaged background is around four times as large
as the gain for students from non-disadvantaged backgrounds (1.3 vs 0.3 preference points). Interestingly,
with the current Boston mechanism disadvantaged and non-disadvantaged students have rather similar
mean welfare levels. Finally, panel D shows that students with a relatively low score on the exit test from
primary school gain more from a switch from Boston to DA-STB than students with higher scores. They
are also the group with the lowest mean preference points under Boston.

28These results are based on slightly smaller samples than the results for all groups together because observations for
which the characteristic that splits the sample is missing, are dropped.
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Table 8. Interim welfare – mean preference points under alternative mechanisms by student background

A. All

Boston 96.56 (0.14)
∆B→DA STB 0.50 (0.13)
∆B→DA MTB 0.45 (0.13)

B. Gender Girls Boys

Boston 96.45 (0.21) 96.68 (0.19)
∆B→DA STB 0.70 (0.19) 0.31 (0.18)
∆B→DA MTB 0.62 (0.19) 0.28 (0.18)

C. Background Disadv Not disadv

Boston 96.24 (0.32) 96.57 (0.16)
∆B→DA STB 1.28 (0.27) 0.30 (0.15)
∆B→DA MTB 1.16 (0.26) 0.28 (0.16)

D. Test score Low Medium High

Boston 94.37 (0.27) 97.91 (0.20) 98.09 (0.23)
∆B→DA STB 0.72 (0.26) 0.37 (0.20) 0.37 (0.23)
∆B→DA MTB 0.47 (0.26) 0.43 (0.20) 0.50 (0.23)
Notes: The table reports mean preference points based on an interim welfare concept. To obtain the interim measures we compute
for each student the average utility measure over all simulations of lottery draws, next we take the average over the(sub) population
of students in 2013. Preference points are based on survey responses, with 100 points for the highest ranked school and 0 for all
unranked schools. We impute preference lists for non-respondents by sampling a replacement list from a student from the pool of
students who responded to the survey and applied to the same school. For the sampling of a list, we match students on the basis
of their estimated propensities to respond to the survey.

6 Why does DA perform better than Boston?

Our finding that mean welfare is higher under DA than under Boston stands in contrast with what
theory predicts and what recent empirical studies find. Our preferred explanation is that this is due
to the strategic mistakes that some students make under the Boston mechanism. Before we turn in
Subsection 6.3 to the evidence supporting this explanation, we first consider two other explanations. In
the next subsection we explore the possibility that our findings are due to the use of preference points
as measure of students’ cardinal utility. We do this by deriving results using estimates of cardinal utility
based on rank-ordered logit models. In Subsection 6.2 we explore the possibility that our findings are
due to the specific structure of supply and demand in Amsterdam. We do this by applying a structural
demand analysis similar to the approach of Agarwal and Somaini (2018) to the Amsterdam data.

6.1 Using another measure of cardinal utility

The first explanation that we consider for the different findings between our study and other studies is
that we use preference points as measure of cardinal utility whereas other studies obtain utility measures
from parametric discrete choice models. To assess whether this can explain the different findings, we
have repeated our analyses after replacing preference points by utility levels based on estimates from
a rank-ordered logit specification. This is based on students’ orderings of schools in the survey. The
specification includes school fixed effects, home-school distance and interactions of home-school distance
and of a dummy for single-track schools with student characteristics (girl, medium test score, high test
score and disadvantaged). We use simulation methods to obtain estimated utilities that are consistent
with students’ rankings of schools.29

Table 9 reports the comparison of welfare between Boston and DA based on utilities estimated by
29See Appendix H for details. The first column of Table I1 shows the estimation results of the rank-ordered logit

specification.
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the rank order logit model. These results are qualitatively similar to the results based on preference
points. For ordinal welfare measures the results are (naturally) identical, but also the shares of winners
and losers are rather similar and the differences in mean (expected) utility are qualitatively the same.
The main difference is that the average utility gain from a switch from Boston to DA when expressed
in home-school distance equivalents, appears to be smaller in Table 9 than in Table 7. According to the
estimates in Table I2, an increase in utility of 0.022 utils corresponds to a decrease in the home-school
distance of around 46 meters (= 0.023/0.495). The small quantitative differences in welfare are due to
the fact that the procedure to estimate utility levels consistent with the ranking of schools, compresses
utility differences between high ranked schools. This is shown in Figure H1 and explained in Appendix
H.

Table 9. Comparison of welfare based on utilities estimated by rank ordered logit model

Outcome
Ex post Interim Ex ante

Boston ∆B→DA
STB

∆B→ DA
MTB

Boston ∆B→DA
STB

∆B→ DA
MTB

Boston ∆B→DA
STB

∆B→ DA
MTB

(1) (2) (3) (4) (5) (6) (7) (8) (9)

- Top rank 0.888 0.010 -0.008 0.888 0.010 -0.008 0.894 0.000 -0.018
(0.001) (0.003) (0.005) (0.004) (0.002) (0.003) (0.011) (0.009) (0.011)

- Top 3 0.976 0.009 0.013 0.977 0.009 0.013 0.978 0.005 0.007
(0.002) (0.003) (0.002) (0.002) (0.002) (0.002) (0.005) (0.004) (0.004)

- % winners - 7.7 7.5 - 23.8 23.0 - 27.6 24.4
- % losers - 5.7 7.2 - 39.5 41.0 - 54.5 57.8
- Mean utils -6.523 0.023 0.012 -6.523 0.023 0.012 -7.108 0.003 -0.012

(0.006) (0.011) (0.011) (0.021) (0.005) (0.005) (0.045) (0.013) (0.014)
Notes: The table reports statistics of allocations under Boston, DA-STB and DA-MTB for different welfare concepts (ex post,
interim and ex ante). Rank is the rank of a school on a student’s preference list as reported in the survey, where 1 is the highest-
ranked school. % winners and % losers indicate the shares of students that would be better/worse off when Boston would be
replaced by Deferred Acceptance. Predicted utilities are obtained from rank-ordered logit estimates based on the preference lists
from the survey. To obtain the ex post measures, we compute mean utility and shares of winners and losers for a specific draw
of lottery numbers, next we take the average over all simulations of lottery draws. To obtain the interim measures we compute
for each student the average utility measure over all simulations of lottery draws and on the basis of this whether (s)he would be
a winner or loser in case of switching from Boston to DA. Next we take the average over the population of students in 2013. To
obtain the ex ante measures we take the average of the interim measures over multiple draws of the population (where draws are
with replacement from the 2013 student population in which survey answers from non-respondents are based on kernel matching
with bandwidth 0.05).

6.2 Are results driven by the structure of supply and demand in Amsterdam?

The second explanation that we consider is that differences between other studies and ours are due to
the specific structure of school supply and student behavior in our setting. To assess this explanation, we
have estimated a structural demand model using simulated maximum likelihood similar to the approach
proposed by Agarwal and Somaini (2018) (see Subsection 4.5).

Results of these analyses are reported in Table 10. The findings for placement in the most-preferred
school and for mean (expected) utility levels are the exact opposite of those reported in Table 7. This
means that with utility levels based on choice data alone, we replicate the findings of studies using data
from Cambridge, Beijing and Barcelona. The difference in ex ante mean expected utility of 0.107 in favor
of Boston compared to DA-STB corresponds with a difference in the home-school distance of 209 meters
(= 0.107/0.512) (cf. Table I1).30 This is slightly larger than the difference of 0.078 miles reported in
Agarwal and Somaini (2018). The simulations further show that about 6.5 percent of the students are
estimated to be revealed strategic, i.e. they do not apply to the school with the highest utility. This
percentage is roughly the same as the percentage based on the preference points.

30We focus here on the ex ante results as this is the welfare perspective used in Agarwal and Somaini (2018).
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Table 10. Comparison of welfare based on structural model estimated by simulated maximum likelihood

Outcome

Ex post Interim Ex ante

Boston ∆B→DA
STB

∆B→ DA
MTB

Boston ∆B→DA
STB

∆B→ DA
MTB

Boston ∆B→DA
STB

∆B→ DA
MTB

(1) (2) (3) (4) (5) (6) (7) (8) (9)

- Top rank 0.888 -0.009 -0.019 0.888 -0.009 -0.019 0.882 -0.009 -0.022
(0.001) (0.004) [0.004] (0.005) (0.003) (0.003) (0.010) (0.004) (0.007)

- Top 3 0.990 0.002 0.004 0.990 0.002 0.004 0.979 0.010 0.014
(0.002) (0.001) (0.001) (0.002) (0.001) (0.002) (0.005) (0.002) (0.003)

- % winners - 4.7 4.6 - 44.6 44.0 - 31.5 31.3
- % losers - 5.4 6.2 - 42.5 43.1 - 56.2 56.5
- Mean utils -3.961 -0.033 -0.039 -3.961 -0.033 -0.039 -3.897 -0.107 -0.115

(0.006) (0.009) (0.010) (0.035) (0.004) (0.005) (0.050) (0.026) (0.028)
Notes: The table reports statistics of allocations under Boston, DA-STB and DA-MTB for different welfare concepts (ex post,
interim and ex ante). Rank is the rank of a school on a student’s preference list as reported in the survey, where 1 is the highest-
ranked school. % winners and % losers indicate the shares of students that would be better/worse off when Boston would be
replaced by Deferred Acceptance. Predicted utility levels are obtained through simulated maximum likelihood based on rational
expectations and optimal choices under Boston. To obtain the ex post measures, we compute mean utility and shares of winners
and losers for a specific draw of lottery numbers, next we take the average over all simulations of lottery draws. To obtain the
interim measures we compute for each student the average utility measure over all simulations of lottery draws and on the basis
of this whether (s)he would be a winner or loser in case of switching from Boston to DA. Next we take the average over the
population of students in 2013. To obtain the ex ante measures we take the average of the interim measures over multiple draws of
the population.

6.3 Mistakes

After having established that neither the use of the novel measure of preference points nor the structure
of supply and demand in Amsterdam can explain why our findings are different from those reported in
other studies, we now take a closer look at the strategic mistakes that students make under Amsterdam’s
version of the Boston mechanism.

A student is considered to make a mistake if expected utility from the actual application choice is
lower than expected utility from the optimal application choice. Whether an application choice is optimal
depends on the application choices of other students. We start with analyzing whether a student makes
a mistake given the application choices of other students. Later we analyze the case where all students
choose optimally.

Figure 6 plots for each student interim preference points from the optimal and actual choices under
Boston. All observations on the 45 degree line represent students who made an optimal choice given the
choices of the other students. Observations below the 45 degree line represent students who would have
gained (in expectation) from making a different choice. The horizontal distance between the 45 degree
line and a circle indicates the expected gain from making the optimal choice.
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Figure 6. Mistakes: interim preference points optimal versus actual Boston choice
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Notes: N=1220. The table reports a scatter plot of mean preference points based on an interim welfare concept, weighted by the
inverse of the predicted probability of survey response. Interim preference points under the optimal Boston choice are expected
preference points based on realized admission probabilities, assuming that the student makes optimal choices in all rounds given the
actual choices of other students. Interim preference points under the actual Boston choice are expected preference points based on
realized admission probabilities, using the actual observed choice in the first round and assuming that the student makes optimal
choices in all later rounds given the actual choices of other students.

Table 11 reports the share of students making a strategic mistake separately for different student
groups. The overall share is 8.3 percent. When we distinguish between the 6.3 percent revealed-strategic
students and the 93.7 percent not-revealed-strategic students, we see in panel B that a much larger
fraction of the revealed-strategic students than of the not-revealed-strategic students make a mistake
(0.75 vs 0.038). There are no large differences in the share of students making a strategic mistake
between girls and boys (panel C). Students from disadvantaged backgrounds are somewhat more likely
to make a mistake than students from non-disadvantaged backgrounds, although the difference is not
large (panel D). The larger difference is observed for students with different scores on the exit test from
primary school. Students with a relatively low score are more than twice as likely to make a strategic
mistake than students with a medium or high score (panel E).

Table 11 also reports the average size of mistakes in terms of preference points. The 8.3 percent of
students who make a mistake lose on average over 21 preference points. The mistakes of revealed-strategic
students are almost twice as costly than those of non-revealed strategic students (26.7 vs. 13.6). Also
the mistakes of students with low test scores are more costly than those of students with medium or high
test scores.
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Table 11. Share of interim mistakes by background and observed choice behavior

A: All

Share making a mistake 0.083
Average size of mistake 21.134

B: Choice behavior Strategic Not strategic

Share making a mistake 0.750 0.038
Average size of mistake 26.716 13.627

C: Gender: Girls Boys

Share making a mistake 0.077 0.090
Average size of mistake 24.759 18.437

D: Background: Disadv Not Disadv

Share making a mistake 0.105 0.079
Average size of mistake 23.067 20.811

E: Test score Low Medium High

Share making a mistake 0.133 0.054 0.046
Average size of mistake 24.398 17.154 14.242
Note: N=1220. Observations are weighted by the inverse of the predicted probability of response. A student is considered to
make a mistake if the interim preference points under the optimal Boston choice exceeds the interim preference points under the
actual Boston choice. Interim preference points under the optimal Boston choice are expected preference points based on admission
probabilities, assuming that the student makes optimal choices in all rounds given the actual choices of other students. Interim
preference points under the actual Boston choice are expected preference points based on admission probabilities, using the actual
observed choice in the first round and assuming that the student makes optimal choices in all later rounds given the actual choices
of other students. The size of the mistake is defined for students who are considered making a strategic mistake and equals the
difference in interim expected preference point under the optimal and actual Boston choice.

To see how strategic mistakes influence the comparison between assignment mechanisms in terms of
interim mean welfare, we have repeated the comparison from the bottom row of Table 7 for two different
cases. In the first case, we exclude all students who make a mistake under Boston from the comparison.
In the second case, we exclude all revealed-strategic students who make a mistake under Boston from the
comparison.

Results are reported in Table 12. Results in Panel A are comparable to those in Table 7 but are
based on the sample of respondents. Panel B excludes the 99 students who made strategic mistakes.
This reverses the picture. Mean preference points (weighted by the inverse of the predicted probability
of response) under Boston is now close to the maximum of 100 and a switch to DA would lead to a mean
loss of more than one preference point. When we only exclude the revealed-strategic students who made
mistakes, the mean loss from a switch from Boston to DA equals around 0.7 preference points (panel C).
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Table 12. Interim welfare comparison with and without mistakes

Outcome
Expected preference points

Boston ∆B→DA STB ∆B→DA MTB N
(1) (2) (3)

A. Full sample
96.50 0.48 0.41 1220
(0.02) (0.10) (0.10)

B. Excluding all students making mistakes
98.81 -1.09 -1.16 1121
(0.02) (0.09) (0.09)

C. Excluding revealed strategic students making mistakes
97.83 -0.66 -0.72 1160
(0.02) (0.09) (0.10)

Notes: The table reports mean preference points for the respondents based on an interim welfare concept, weighted by the inverse
of the predicted probability to respond to the survey. Standard deviations of the simulation draws of the welfare measures are
shown between parentheses. See Appendix G for the formulas used to obtain the standard deviations.

Due to the high first-round admission probabilities at popular schools, relatively few students who
apply to their most-preferred school make a strategic mistake. In other cities where rationing is more
empirically relevant, there is more scope for students to make strategic mistakes. We therefore consider
the welfare loss associated with strategic mistakes under the Boston mechanism in Amsterdam as a lower
bound on possible losses elsewhere.

A choice between school assignment mechanisms has to weigh Boston’s advantage of students’ ability
to express the intensity of their preferences against its disadvantage that students can make strategic
mistakes. In our application for Amsterdam, we find that the welfare costs of strategic mistakes exceeds
the welfare gain of expressing preference intensity. An important question is how much welfare can
be gained if all students make jointly optimal application choices under Boston. To this end we have
simulated equilibrium application choices under Boston where no student can benefit from making another
choice (cf. Subsection 4.4). Table 13 reports the results. Maximum mean preference points under Boston
equals 97.1, which is higher than the means that are achieved under DA-STB and DA-MTB. The loss in
mean welfare from switching from optimal Boston to DA-STB is, however, only 0.04 preference points.
This is one-tenth of the gain that is achieved when switching from actual Boston to DA-STB. In other
words, 90 percent of the welfare gain from having optimal Boston instead of mistake-prone actual Boston
is achieved by replacing actual Boston by DA-STB.
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Table 13. Interim welfare comparison when none of the students makes a mistake under Boston

A. All

Optimal Boston 97.10 (0.15)
∆OptB→DA STB -0.04 (0.04)
∆OptB→DA MTB -0.09 (0.04)

B. Gender Girls Boys

Optimal Boston 97.20 (0.15) 97.03 (0.15)
∆OptB→DA STB -0.04 (0.06) -0.03 (0.05)
∆OptB→DA MTB -0.12 (0.06) -0.06 (0.06)

C. Background Disadv Not disadv

Optimal Boston 97.61 (0.19) 96.89 (0.14)
∆OptB→DA STB -0.08 (0.07) -0.02 (0.05)
∆OptB→DA MTB -0.21 (0.08) -0.04 (0.05)

D. Test score Low Medium High

Optimal Boston 95.36 (0.26) 98.15 (0.12) 98.34 (0.11)
∆OptB→DA STB -0.27 (0.09) 0.13 (0.09) 0.12 (0.09)
∆OptB→DA MTB -0.52 (0.10) 0.20 (0.09) 0.25 (0.09)
Notes: N=1915. The table reports mean preference points based on an interim welfare concept. To obtain the interim measures we
compute for each student the average utility measure over all simulations of lottery draws, next we take the average over the(sub)
population of students in 2013. Preference points are based on survey responses, with 100 points for the highest ranked school and
0 for all unranked schools. We impute preference lists for non-respondents by sampling a replacement list from a student from the
pool of students who responded to the survey and applied to the same school. For the sampling of a list, we match students on the
basis of their estimated propensities to respond to the survey.

Panels B to D of Table 13 show differential results by students’ gender, social background and test
score from primary school. Most notable is that students with a relatively low test score have lower
mean preference points under optimal Boston than students with medium and high test scores, and that
these students are the only ones who are better off under optimal Boston than under DA. Students with
medium and high test scores are worse off under optimal Boston than under DA. This is due to the fact
that priority rules are more important under DA than under Boston and students with medium or high
test scores have middle priority at the (popular) single-track schools while some of the students with low
test scores have no priority at these schools.

7 Robustness

In this section we examine the robustness of our main results to alternative ways to deal with non-response
to the survey.

Table 2 reports results from one specification of the non-response model. The top panel of Table
I3 reports results from alternative specifications. All specifications include fixed effects for school of
application. Columns (2) to (6) add covariates for gender, social background, priority in school of
application, dummies for test score tertiles and a dummy for living outside of Amsterdam. Columns (7)
to (11) present results from specifications with other functional forms for test score and interactions of
test scores with gender and social background. The bottom half of the table reports correlations between
the propensity scores based on the different specifications. This shows that propensity scores based on
specification (6) and on specifications (7) to (11) have correlation coefficients above 0.99. The similarity
of the propensity scores across specifications indicates that the results do not depend on the specific
specification of the logit model used in the analysis.

In our main analysis we impute preference lists for non-respondents by matching them to students
who applied to the same school on the basis of propensity scores to respond to the survey. To investigate
how sensitive our results are to the specific method to deal with non-response, we use three alternative
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imputation methods. First, students without a preference list (non-respondents) are randomly matched
to students with a preference list (respondents) conditional on the school of application. Second, each
student without a preference list is matched to the student who applied to the same school and has the
nearest propensity score. Third, we have narrowed the bandwidth in the matching procedure from 0.05
to 0.01. Table I4 reports the results. These results are very similar to those in Table 7.

As a third approach to assess the robustness of our findings with respect to non-response, we have
restricted the analysis to respondents only and have reduced school capacities proportional to school-of-
application-specific non-response rates (as reported in the final column of Table 4).31 This is arguably
a crude way to balance the number of students and the capacities of schools since it does not take all
information about potential school demand into consideration. The results reported in Table I5 are
nevertheless almost identical to the results reported in the main text.

8 Conclusion

We have used survey data eliciting ordinal and cardinal school preferences of secondary-school students
in Amsterdam to assess the tradeoff between the simplicity and safety of strategy-proof DA and the
potential welfare enhancement of the Boston mechanism. Our key result is that mean welfare is higher
under DA than under Boston. This result contrasts with theoretical predictions and with recent findings
based on analyses that only use choice data and assume that students have rational admission beliefs
and optimize correctly. The contrasting findings cannot be explained by the specific survey measure of
cardinal utility that we use, nor by particular features of demand and supply in the Amsterdam setting.
Further results point to strategic mistakes that students make under the Boston mechanism, as the main
explanation for these divergent findings. Dropping students who make mistakes or simulating optimal
choices under Boston, reverses the welfare ordering of the mechanisms. The possibility to make strategic
mistakes has distributional consequences. Disadvantaged students and students with relatively low scores
on the exit test from primary school are harmed most by strategic mistakes under Boston. These are
also the students who benefit most from a switch from Boston to DA.

Our key finding is striking in light of the circumstances in secondary education in Amsterdam being
favorable for the Boston mechanism. Factors that should be helpful for Boston include that: i) not many
students have priority at a school and the priority rules are simple; priority rules are therefore unlikely
to cause mistakes; ii) ordinal preferences are highly correlated, implying that strategic choices raise the
admission probabilities at popular schools for others; iii) some schools reported how many applications
they had during the application window thereby helping students to form accurate expectations about
admission probabilities; and iv) admission probabilities are never below 80 percent making it unlikely that
students who apply to their most-preferred school make a strategic mistake. Lower admission probabilities
give more scope for students to make strategic mistakes. Due to the presence of these four factors, we
consider the welfare loss associated with errors in the Boston mechanism in Amsterdam to be a lower
bound on the potential losses elsewhere.

Consistent with the structural demand studies, we find that optimal Boston performs (marginally)
better than DA. In reality, however, students make mistakes and these mistakes reverse the ordering.
Previous studies have assessed the welfare consequences of specific mistakes. Agarwal and Somaini (2018)
and Calsamiglia et al. (2020) introduce naive (sincere) students who always apply to their most-preferred
school. In addition, Agarwal and Somaini (2018) consider that students ignore priority rules when
forming beliefs about admission probabilities (coarse beliefs) or that they base their beliefs on previous
year’s admission probabilities (adaptive expectations). These deviations from optimal behavior do not

31There is no significant difference in the share of students assigned to their school of application between respondents
and non-respondents (p = 0.762).
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capture the most costly mistake that students in our application make, namely choosing strategically
while they should not have done so.

The only other study that supplements register data on school allocations with survey data is Ka-
por et al. (2020). These authors elicit students’ subjective admission beliefs which they use to estimate
cardinal preferences by assuming that students optimize correctly given their beliefs. Our survey elicits
students’ cardinal school preferences directly. Strategic mistakes can then be due to wrong admission
beliefs as well as to optimization errors. We can not disentangle the relative importance of these two
sources of strategic mistakes. Disentangling these two sources is an important avenue for future research.
If strategic mistakes are mainly due to wrong beliefs, provision of information about admission proba-
bilities would be a useful addition to the Boston mechanism. If strategic mistakes are mainly due to
optimization errors given correct beliefs, there is little hope that the Boston mechanism can outperform
truth-telling DA.

While the nature of the mistakes uncovered by Kapor et al. (2020) and us appears to be different, with
too few revealed-strategic choices in New Haven and too many in Amsterdam, the important takeaway
is that strategic mistakes are made and that it requires additional (survey) data to detect these. The
survey questions we have used in this study are easy to understand for parents and students and are easy
to implement for school districts that want to inquire the potential gains or losses and want to identify
the type of families that gain or lose, from replacing a manipulable mechanism by truth-telling DA.
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A School assignment mechanisms

This appendix provides the intuition why DA is strategy proof and results in a stable allocation while
the Boston mechanism does not, and how Boston can potentially outperform DA in terms of welfare if
students optimally use the possibility to express the intensity of their preferences. It is assumed that
student preferences are independent of the assignment of other students, meaning that peer effects and
consumption externalities in preferences play no role (cf. Pathak, 2011).

The DA mechanism

The (student-proposing) DA mechanism works as follows (Gale and Shapley, 1962; Abdulkadiroǧlu and
Sönmez, 2003). Students submit an ordered list with their top n schools.32 Schools rank students on the
basis of priority, for example based on prior test scores, distance or enrollment of older siblings. Within
priority groups, a lottery makes the ordering strict. The lottery can be common (single tie-breaking; STB)
such that each student has one lottery number applicable to all schools, or there can be separate lotteries
at each school (multiple tie-breaking; MTB). In the first round students are tentatively assigned to the
school they have ranked first. Schools with more students than places reject the lowest-ranked students.
Students who are rejected in the first round are tentatively assigned to the second school on their choice
list. Each school then considers students assigned in round 2 and the students it has been holding. Schools
with more students than places reject the lowest-ranked students. Hence an oversubscribed school can
in the second round reject students it was holding after the first round. This process continues until no
students are rejected anymore.

Three properties are often considered to assess school assignment mechanisms: strategy proofness,
stability and Pareto efficiency. Strategy proofness means that ranking schools according to true prefer-
ences is a (weakly) dominant strategy. Stability (or lack of justified envy) means that there is no student
assigned to school A while she prefers B and has a higher priority at B than another student assigned to
B. Pareto efficient means that in the resulting allocation, students cannot switch schools without harming
at least one student.

DA is strategy proof. Since students are tentatively assigned in each step, there is no cost to listing
true preferences. A student who is rejected at her favorite school in the first round can still be placed
at a school where she has priority in a later round. DA results in a stable allocation. No student loses
a seat to a lower priority student and is assigned to a less-preferred school. DA is, however, not Pareto
efficient. Under DA-MTB it can occur that two students lose the lottery at their top choices and win the
lottery at their second choices. If the top choice of one of these students is the second choice of the other
and vice versa, then both students benefit from switching schools. The same can occur under DA-STB
but only when it involves students who have priority at a school which is not their top choice.33

The intensity of preferences plays no role in the DA mechanism. Students list their true ordinal
preferences and if two students tie in priority at a school, only a lottery – and not the cardinal preferences
– determines who is accepted.

The Boston mechanism

The standard Boston mechanism (also known as Priority Matching and Immediate Acceptance) works
as follows. Students submit an ordered list with their top n schools. Schools rank students on the basis

32Where n is large enough to avoid that students strategize regarding the choice of which schools to include in the list
(cf. Calsamiglia et al., 2010).

33With DA-STB, an unlucky student carries her bad draw to each school. With DA-MTB, a student with a bad draw at
her most-preferred school can have a good draw at the next school on her list. Without priorities, DA-STB is equivalent to
random serial dictatorship, resulting in a Pareto efficient allocation. DA-STB places more students in their most-preferred
school, DA-MTB places more students in their top x schools, where x depends on school capacities and the distribution of
students’ preferences (cf. Arnosti, 2015).
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of priority. Within priority groups, a lottery makes the ordering strict. In the first round students are
assigned to the school which they ranked first. Schools with more students than places reject the lowest
ranked students. In the second round, students who are rejected in the first round are assigned to the
school they ranked second if this school has remaining places. Again, if more students apply than there
are remaining places, the lowest-ranked students of those who apply in the second round, are rejected.
This process continues until no no students are rejected anymore.

Under the standard Boston mechanism, a student may have listed a school at, say, rank 3 that already
filled its capacity in round 2. That would imply that this student wastes round 3. To avoid wasting a
round, schools on the list that already filled their capacity can be skipped. This is the adaptive Boston
mechanism.

The Boston mechanism is not strategy proof. Students who perceive that the probability to lose the
lottery at their top choice is high, may rank their second choice first. The Boston mechanism may result
in an unstable allocation. A student who ranks a school where she has priority second, can lose her
place to a student who does not have priority at that school but ranks it first. Boston is also not Pareto
efficient. It can occur that two students do not apply to their top choices but apply to and are admitted
to their second choices. If the top choice of one of these students is the second choice of the other and
vice versa, then both benefit from switching schools.

The Boston mechanism maximizes the number of students who are placed in the school they ranked
first. Given that students may behave strategically, this does not imply that it maximizes the number of
students assigned to their most-preferred school.

A potential advantage of the Boston mechanism – pointed out by Abdulkadiroǧlu et al. (2011) – is
that it gives students some scope to express the intensity of their preferences. If two students prefer
school A to school B but one student has a strong preference for A while the other student is almost
indifferent then the student with the strong preference is more likely to get a seat at school A because
the almost indifferent student has an incentive to "strategically" apply for school B.34

34While the two versions of the Boston mechanism share the three undesirable properties and the potential advantage,
there are also differences (see Mennle and Seuken, 2014).
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B Survey (translated from Dutch)

Letter to parents/students

Survey application secondary education

This year, a research project is conducted to inquire whether the current assignment system can be
improved. For this reason we ask you to fill out the attached survey form. The returned survey form
has no influence on the application and admission procedure for a secondary school. The survey
form should be returned in the attached envelope to the school where you apply, together
with the application form. The survey form is immediately send to the researchers. The
researchers are affiliated with the economics departments of the Free University Amsterdam and the
University of Amsterdam. They are independent from the Amsterdam municipality and from the schools
in Amsterdam. The researchers will report their findings in a report that will be publicly released. No
information concerning individual students will be published.

Questions about this research project can be addressed to the researchers (Professor Pieter Gautier,
Professor Hessel Oosterbeek or Professor Bas van der Klaauw) or to OSVO as representative of the boards
of secondary schools in Amsterdam.

Signed with names and addresses of the researchers
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Information student

Name student:
Student number:
Name primary school
Advised level of secondary education

Some questions about the application

1. At which secondary school have you applied your child?

Name school:

2. Why have you applied your child at this school (mentioned in question 1)? You can indicate multiple
reasons.

• It is a good school

• It is a nice school

• The school is close to home

• Older siblings are enrolled in the school

• Student has a high chance of being admitted

• School matches well with pedagogy of primary school

• Other, namely

3. Does your child have priority at the school where s/he applied?

yes/no

4. Do you think you run the risk of your child losing the lottery at the school where s/he applied?

yes/no

5. If so, how high do you consider the chance your child will lose the lottery?

high/low

6. If no single school would conduct a lottery, would you then apply your child at another school?

yes/no
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Preference list of secondary schools

We would like to know your preferences for schools in case no single school would conduct a lottery. You
should therefore not consider the possibility of losing a lottery. This may imply that you place another
school at the first place than the school where you applied. You can only list schools that offer the level
of education that corresponds with the recommended level of your child. Hence schools for which your
child would qualify.

For each school we ask you to award points. The highest ranked school receives 100 points. The
points you give to another school, can be seen as a percentage of the highest ranked school. The lower a
school is on your list, the fewer points you award. If a school on the list is very close to the previous one,
the the difference in points is small. For clarity we give some examples.

Below you can fill out your preferences regarding schools.

Preference list for schools (in accordance with advised school level):
Name school Number of points

1. ............................................................................ 100
2.
3.
4.
5.
6.
7.
8.
9.
10.

Finally we would like to know how many secondary schools you visited before you decided at which school
to apply?
Number of schools visited:

39



Example preference list and awarding of points
In this example, there are three students who each have to report their preferences regarding at most 10
schools (school A - school J).

Student 1 finds school A and school B equally good, school C is not so good but acceptable, he does
not want to go to any of the other schools. Student 1 therefore gives 100 points to both school A and
school B and 5 points to school C. The other schools all receive zero points and do not have to be filled out.

Student 2 prefers school A. She values school E at 60 percent of school A. She values school F simi-
lar to school E and she therefore awards 60 points to schools E and F. Schools C, D and J receive 30
points and the others schools 10 points.

Student 3 prefers school B and finds school C almost equally attractive. School A is valued lower than C
and schools G and J even lower than A. Student 3 therefore values school C at 95 percent of school B,
school A at 50 percent of school B and schools G and J at 10 percent of school B. Student 3 gives zero
points to the other schools.

The preference lists of the students are therefore:

Student 1 Student 2 Student 3
1. School A 100 1. School A 100 1. School B 100
2. School B 100 2. School E 60 2. School C 95
3. School C 5 3. School F 60 3. School A 50
4. 4. School C 30 4. School G 10
5. 5. School D 30 5. School J 10
6. 6. School J 30 6.
7. 7. School G 10 7.
8. 8. School H 10 8.
9. 9. School B 10 9.
10. 10. School I 10 10.

Please use the space below if you have any comments regarding this survey or the application
procedure.

40



C Admission probabilities

We compute admission probabilities for the Boston mechanism for two scenario’s. In the first scenario it
is assumed that the only source of uncertainty is the draw of lottery numbers. We refer to the resulting
admission probabilities as interim. In the second scenario there is uncertainty about the draw of the
lottery numbers as well as about the preferences of other students. We refer to the resulting admission
probabilities as ex ante.

Our data contain the school of application in the first round and whether a student has high, middle
or no priority at the school of application. Interim admission probabilities in the first round can thus
be computed by first assigning the students with high priority and next computing which shares of the
students with middle and no priority can be placed on the remaining seats at the school. To make an
optimal choice in the first round, students also need to have rational beliefs about admission probabilities
in subsequent rounds. The data only contain second round choices for a small group of students. To
address this, we take for all students the highest school on the preference list in the survey that still has
vacant seats. For students who did not complete the preference list in the survey, we randomly draw a
preference list from a respondent applying to the same school using the propensity score weights. We
repeat this 1000 times. This allows us to compute expected demand for the schools with vacant seats
in the second round. Next, we compute the second round admission probabilities as the share of the
expected demand that can be placed on these seats.35

Panel A of Table C1 shows interim admission probabilities by round and priority category. Seven
schools cannot place all students who apply to these schools. Since, these schools are filled after the first
round, the admission probabilities are zero in the second round. Also in the second round there are seven
schools that cannot place all students who apply to these schools; four of these schools’ second round
admission probabilities are very close to one.

To compute ex ante admission probabilities, we draw 1000 times with replacement a population of
students of the same size as the original population. We draw these populations after having matched
preference lists for students who did not complete the survey. So in total we obtain 1000 × 1000 draws
of populations with preference lists for which we compute admission probabilities using the procedure
described above.

Panel B of Table C1 shows ex ante admission probabilities by round and priority category. There are
18 schools for which in at least one simulation a lottery occurred in the first round. For more than half of
these schools the first round admission probability is almost equal to 1. The first round ex ante admission
probabilities are very close to the first round interim admission probabilities. The second round ex ante
admission probabilities differ more substantially from the second round interim admission probabilities.
For the schools that do not have a 0 interim admission probability in the second round, the second round
ex ante admission probabilities are lower than the interim admission probabilities.

The second round admission probabilities assume no strategic behavior in the second round. If some
students strategically stay away from the most popular schools in the second round, then the estimated
admission probabilities that we obtain for these schools are lower bounds. However, for the interim
admission probabilities it is a priori not really clear how the composition of students in the second round
looks like and how many places are still available at which school. Therefore, when making the first-round
choice, one cannot predict what the second round looks like. These ex ante admission probabilities are
used to estimate the utilities in the demand model. It is important to stress that the second round
admission probabilities are only used to explain choice behavior in the first round. A small mistake in the
second round admission probabilities is likely to have only minor consequences for the estimated utilities.

35Note that we allow students to strategize in the second round but that we assume that students believe that other
students will choose truthful in the second round.
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Table C1. Simulated rational expectations beliefs about admission probabilities, ex ante and interim
A. Interim B. Ex ante

First round Second round First round Second round
High Middle No Middle No High Middle No Middle No

HAL 1 0.967 0 0 0 1 0.952 0.109 0.003 0.000
Hyperion 1 1 1 1 0.995 1 1 0.965 0.765 0.627
Ignatius 1 0.838 0 0 0 1 0.842 0.022 0.008 0.001
Cygnus 1 1 1 1 1.000 1 1.000 0.973 0.838 0.732
Barlaeus 1 1 0.083 0 0 1 0.970 0.342 0.113 0.046
4e Gymnasiuma 1 1 0.727 0 0 1 0.988 0.590 0.317 0.222
Vossius 1 1 1 1 0.945 1 1.000 0.994 0.914 0.683
St.Nicolaas 1 0.805 - 0 - 1 0.811 - 0.004 -
Caland 1 1 - 1.000 - 1 0.989 - 0.723 -
Fons Vitae 1 0.983 - 0 - 1 0.943 - 0.200 -
Spinoza 1 1 - 0.891 - 1 0.988 - 0.703 -
Damstedeb 1 0.978 - 0 - 1 0.931 - 0.421 -
MLA 1 1 - 1 - 1 1 - 1 -
Berlage 1 1 - 1 - 1 1 - 1 -
Nieuwland 1 1 - 1 - 1 0.995 - 0.893 -
Geert Groote 1 1 - 1 - 1 0.999 - 0.992 -
HL Zuid 1 1 - 1 - 1 1.000 - 0.971 -
Gerrit vd Veen 1 1 - 1 - 1 1.000 - 0.998 -
Cartesius 1 1 - 1 - 1 1 - 1 -
Reigersbos 1 1 - 1 - 1 1 - 1 -
Outside A’dam 1 1 - 1 - 1 1 - 1 -
IJburg 1 1 - 1 - 1 1 - 1 -
Comenius 1 1 - 1 - 1 1 - 1 -
OSB 1 1 - 1 - 1 1 - 1 -
Cosmicus 1 1 - 1 - 1 1 - 1 -
HL West 1 1 - 1 - 1 1 - 1 -
CSB 1 1 - 1 - 1 1 - 1 -
Bredero 1 1 - 1 - 1 1.000 - 0.998 -
Maimonides 1 1 - 1 - 1 1 - 1 -
Total 1915 2434 1915
Note: A probability of "1" means exactly 1, and probability of "1.000" means that is is rounded to 1.
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D Simulations

There are three levels of uncertainty that we consider in the simulations to compare the different mecha-
nisms. The first level of uncertainty is which population participates in the admission lotteries (ex ante),
the second level of uncertainty is what the match specific utility of the participants is (interim), and the
third level of uncertainty is which lottery numbers each student gets during the admission lottery (ex
post). In Section 4 we have introduced three approaches to estimate the match specific utility: observed
preferences point, rank-ordered logit estimation on preference list for schools, and structural estimation
on the observed school choice. Below, we explain in more detail how we conduct the simulations of the
mechanisms.

Ex post and interim utility

1. Draw 1000 times the utility of each student for each school.

• When we use preference points as measure for utility, we assign a preference list and points to
all students who did not complete the survey.

• When we use the rank-ordered logit model, we first assign a preference list to all students who
did not complete the survey and next draw utilities that are consistent with the preference list.
We first draw utilities for the unranked schools, Next we draw utilities for the ranked schools
starting with the lowest ranked school such that the drawn utility is higher than that of all
unranked and lower ranked schools. Since we start with unconditional draws for the unranked
schools we have to weight each draw of utilities for a student by the likelihood that we can
draw the utilities for the ranked schools exceeding the highest utility for the unranked schools.

• When we use the structural estimation on the observed school choice, we first draw utilities for
all schools that have not been chosen and next draw a utility for the chosen school satisfying
inequality (1) and using the ex ante admission probabilities (this assumes that students did
not know the exact population of students applying for schools when they applied). Again we
construct weights for the utilities draws of a student, the weight is the probability to satisfy
the inequality given the drawn utilities for the schools that are not chosen.

• When using the preference points and the rank-ordered logit model a preference list is assigned
to each student. For each student for whom we impute a preference list, we compute the
differences between her/his propensity score and the propensity scores of all survey respondents
applying to the same school. Next, we randomly draw one respondent to impute the missing
preference list, where the probability that a respondent is drawn is proportional to a Gaussian
kernel in the difference in propensity scores with a bandwidth of 0.05.

2. Given the utilities that a student has for each school, the DA rank-ordered list for each student
is determined by simply ranking schools in order of that student’s school utilities. The Boston
list puts the chosen school first, and next takes for the second round the school with the highest
expected utility in this round, and then for the third round takes the "safe school" with the highest
utility.

3. Given the DA rank-ordered list and the Boston list, all mechanisms are simulated 100 times. This
implies drawing the lottery numbers and assigning students to schools.

• The expected values of the relevant outcomes are computed taking the average over the 100
lottery number simulations and next weighting these averages over the 1000 utility simulations
using the appropriate weights for the utility draw.
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• Ex post variances consider the variance generated by the lottery numbers. For each utility
draw the variances are computed over the lottery draws. Next the weighted average of the
variances is taken over the utility draw.

• Interim variances describe the variances of the averages of the lottery number simulations
taking the weights of each utility draw into account.

Ex ante utility

Ex ante means that also the population of students is not known. Therefore, to simulate ex ante utility also
uncertainty in the population of students applying for schools should be taken into account. Therefore,
we conduct the following steps

1. Draw 1000 times with replacement a population of students with the same size as the original
population of students.

2. Draw 100 times for each student in the population the utility and the lottery numbers.

3. Compute for each student in the drawn sample the average utility of the assigned schools taking
weight of drawing utility into account, and assign this utility to the unique students in the initial
population (a unique student may not be in a drawn sample or may be there multiple times).

4. Compute for each student in the initial sample the average of all 1000 population simulations (taking
into account how often they have been drawn in a sample).

5. Ex ante variances describe the variances over the average utilities for each population draw.
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E Optimal Boston

In round k the admission probability of student i for school s is given by pkis. The utility Uis is the
number of preference points that student i assigns to school s. The optimal application choices of the
student follow from:

max
sA

p1isAUisA +
(
1− p1isA

)(
max
sB

p2isBUisB +
(
1− p1isB

)(
max
sC∈R

UisC

))
,

where R is the set of safe schools that always have sufficient capacity. This provides for students their
optimal Boston rank-ordered list {sA, sB , sC}. Using the first round choices sA and the priority rules,
we can compute the new first round admission probabilities p1is for each student for each school and we
know how much capacity in each school is left for the second round. We can use these to obtain expected
applications in the second round (1 − p1isA)sB , which allows to compute admission probabilities for the
second round taking again the priority rules into account. The set of safe schools is defined as schools
that never have a lottery in the second round.

We reduce the rate of updating admission probabilities between steps in the iterative process to
guarantee convergence. If p(t) describes the admission probabilities after t iterative steps and pt+1 are
the admission probabilities obtained in step t+1, then p(t+1) = αtp

t+1+(1−αt)p(t). We start with α1 = 1,
and αt = 0.5αt−1 if sign

(
p(t) − p(t−1)

)
= sign

(
p(t−1) − p(t−2)

)
otherwise αt = αt−1. Convergence of the

iterative proces is reached when admission probabilities remain constant, i.e. |p(t) − p(t−1)| < ε.
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F Lower bounds in structural demand analysis

To derive the lower bound for the utility of the chosen school (sA): U blower, we consider the expressions:

p1sAUsA + (1− p1sA)VsA ≥ p
1
sjUsj + (1− p1sj )Vsj ∀ j 6= A,

where Vsj = maxk 6=j p
2
sk
Usk + (1 − p2sk)maxr∈R Usr . We can consider three cases for the lower bounds:

(1) if school sA is not chosen first, then this school is also not chosen in the second or third round, (2)
school sA is chosen in the second round if it is not chosen in the first round, (3) if school sA is not chosen
in the first and second round, it is the most-preferred safe school.

The first case that school sA does not appear as second or third choice if it is not chosen first gives
the following restrictions on the utilities for school sA:

UsA ≥
1

p1sA

(
p1sjUsj +

(
1− p1sj

)(
p2skUsk +

(
1− p2sk

)
max
r∈R/A

Usr

)
− (1− p1sA)VsA

)
∀ j, k 6= A

Next, in the second case school A is chosen in the second round if it is not chosen in the first round.

UsA ≥
1

p1sA −
(
1− p1sj

)
p2sA

(
p1sjUsj +

(
1− p1sj

) (
1− p2sA

)
max
r∈R

Usr − (1− p1sA)VsA
)
∀ j 6= A

In this expression we do not have to worry whether sA could be the most-preferred safe school in the
third round. If sA would be a safe school then the second round admission probability p2sA equals 1.
Finally, consider the case that school sA is a safe school and if it is not chosen in the first and second
round, it is the most-preferred safe school. If school sA is a safe school, then p1sA = 1, so

UsA ≥
1

1−
(
1− p1sj

) (
1− p2sk

) (p1sjUsj + (1− p1sj) p2skUsk) ∀ j, k 6= A

The utility UsA for the chosen school sA should satisfy all three inequalities. So the lower bound for UsA
is the maximum of the right-hand sides of the three inequalities.
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G Inference

For the ex post, interim and ex ante perspectives we compute the standard deviations of the simulation
draws of the following welfare measures; mean utility, share in top-1 and share in top-3. Since, we only
observe preference points and rank-ordered lists for students who completed the questionnaire, we draw
preference points and rank-ordered lists for the non-respondents. The matrix Us gives the full set of
preference points for all students for all schools from simulation draw s. We describe the draw l of all
lottery numbers by Zl, and then Yi(Us, Zl) is the outcome measure for student i given the utilities and
lottery numbers. In the simulations the mean ex post outcome measures are computed as:

S∑
s=1

1

L

L∑
l=1

1

N

N∑
i=1

Yi(Us, Zl)

Under the ex post perspective the uncertainty is due to the randomness of lottery numbers, so the relevant
variance is computed as:

Vex post =
1

S

S∑
s=1

 1

L

L∑
l=1

(
1

N

N∑
i=1

Yi(Us, Zl)

)2

−

(
1

L

L∑
l=1

1

N

N∑
i=1

Yi(Us, Zi)

)2


Under the interim perspective the uncertainty is due to randomness in utilities as a result of the assignment
of preference lists to non-respondents. So the corresponding variance in the simulations is:

Vinterim =
1

S

S∑
s=1

(
1

N

N∑
i=1

1

L

L∑
l=1

Yi(Us, Zl)

)2

−

 1

S

S∑
s=1

1

N

N∑
i=1

1

L

L∑
l=1

Yi(Us, Zi)

2

In the main analysis we use kernel matching to match preference lists to non-respondents. In the sensitiv-
ity analysis we also apply nearest-neighbor matching and a procedure in which we only use respondents
and reduce the capacity of schools according to the response rate within a school. Both approaches
eliminate all randomness in the matching process and the variance thus becomes 0. When we use the
rank-ordered logit model and the structural estimates to simulate utilities, we should weigh all outcomes
Yi(Us, Zl) with the simulation weight wis/

(∑S
s=1 wis

)
.

For the ex ante perspective the outcome measures for the simulations are computed as

1

N

N∑
i=1

∑S1

s1=1

∑
j∈Ps1

I(j = i) 1
S2

∑S2

s2=1
1
L

∑L
l=1 Yj(Us2 , Zl)∑S1

s1=1 #{i ∈ Ps1}

So, this implies that a population is drawn S1 times and that for each population S2 times the utility
of the students is drawn and for each population and set of preferences, L times lottery numbers are
drawn. The ex ante perspective considers the uncertainty due to variation in the population and due to
the matching of preference lists to non-respondents and the corresponding variance in the simulations is:

Vex ante =
1

N

N∑
i=1

∑S1

s1=1

∑
j∈Ps1

I(j = i)
(

1
S2

∑S2

s2=1
1
L

∑L
l=1 Yj(Us2 , Zl)

)2
∑S1

s1=1 #{i ∈ Ps1}
−

 1

N

N∑
i=1

∑S1

s1=1

∑
j∈Ps1

I(j = i) 1
S2

∑S2

s2=1
1
L

∑L
l=1 Yj(Us2 , Zl)∑S1

s1=1 #{i ∈ Ps1}

2
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H Rank-ordered logit model

In the main analysis, cardinal utility is measured by the preference points that students award to schools.
To assess whether our main findings are driven by the use of this specific measure, we report results for
cardinal utility based on estimates from a rank-ordered logit model. This model takes students’ rankings
of schools from the survey as input. For each student i the utility derived from a match with school s is
specified as:

Uis = αs +Xisβ + εis,

where αs are school fixed effects and Xis contains variables describing the student-school interaction
including home-school distance and interactions of the gender and the score on the final exit test from
primary school of student i with whether school s is a single-track school. The random utility component
εis follows an extreme value type-I distribution. The likelihood contribution of student i who can choose
between n schools and ranks k schools in order s1, s2, . . . , sk, is:

Li =
k∏
j=1

exp(αsj +Xisjβ)∑n
m=j exp(αsm +Xismβ)

After the school fixed effects αs and the parameter vector β are estimated, we use simulation methods
to obtain estimated utilities that are consistent with each student’s ranking of schools. For this we
first draw for the schools that are not present on the preference list of student i a value using Uisj =

αsj + Xisjβ − log(− log(u)), where u is a draw from a uniform distribution. We denote the schools
not present on the rank-ordered list by sk+1, . . . , sn. Next, we consider school sk, which should have a
higher utility than schools sk+1, . . . , sn. To draw a value for the utility of student i for school sk we use
again Uisk = αsk +Xiskβ − log(− log(u)), but u is now drawn from a uniform distribution which is left
truncated at qik = exp

(
− exp

(
αsk +Xiskβ −max(Uisk+1

, . . . , Uisn)
))
. We do the same for schools sk−1

until s1 on the preference list. This results in Uisk−1
, . . . , Uis1 and qik−1, . . . , qi1. Finally, we weigh the

draw Uis1 , . . . , Uisn using the weight wi =
∏k
s=1(1− qik). In the simulations we often draw new utilities

and we use the weight wi to weigh the results of each simulation.
It is worthwhile to note that this procedure results in utility differences between the schools ranked at

the top and the schools ranked lower on the preference list that are less pronounced than the differences
that students report in the survey when they assign preference points to schools. Figure H1 plots mean
preference points and mean logit utility levels by the rank of the school on students’ preference list. Panel
A shows the raw differences in mean logit utilities and mean preference points, while panel B scales the
estimated logit utilities and preference points by the dis-utility of distance between home and school.36

Panel A shows that differences in mean logit utility levels between schools placed high on the lists and
the schools in the middle of the list are relatively smaller than the differences in mean preference points.
Panel B shows that when we express both the estimated logit utilities and the assigned preference points
in terms of home-school distance, the differences in cardinal utilities are much smaller based on the
estimated rank order logit model compared to the differences based on the preference points.

36The mean preference preference points are scaled using the estimated coefficient on distance reported in column (2) in
Table 3, while the estimated logit utilities are scaled using the estimated coefficient on distance reported in column (2) in
Table I2.
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Figure H1. Comparison of preference points and logit utility levels by school ranks
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I Additional tables

This appendix includes additional tables. Panel A of Table I1 presents the coefficients of the rank-ordered
logit model that we estimated on the basis of students’ rankings of schools in the survey. Estimates
of coefficients and school fixed effects are used in simulations to obtain estimated utilities that take
students’ rank-ordered lists into account (see Appendix H). The estimated utilities are used in the
analysis of Subsection 6.1 to assess the sensitivity of our findings with respect to the way cardinal utility
is measured. Panel B of Table I1 presents the estimates of the utility function of the structural demand
model (see Appendix D). The estimated utilities are used in the analysis of Subsection 6.2 to examine
whether our results aredue to the structure of demand and supply in Amsterdam.

Table I2 presents the coefficients of rank-ordered logit models which only include (the logarithm of)
home-school distance together with school fixed effects. Results in columns (1) and (3) are based on
unweighted observations of survey respondents, results in columns (2) and (4) are based on observations
of respondents weighted with the inverse of the propensity score of survey response. The coefficients
on (ln) distance give a sense of differences in mean utility between allocations in terms of home-school
distances.

The top panel of Table I3 reports results from alternative specifications of the logit model analyzing
survey response. The bottom half of the table reports correlations between the propensity scores based
on the different specifications. This shows that propensity scores based on the specification used in the
the analysis (6) and specifications (7) to (11) have correlation coefficients above 0.99.

Table I4 assesses the robustness of our main findings with respect to the imputation of preference lists
of non-respondents. In the main analysis, matching is based on propensity scores calculated from the logit
estimates reported in Table 2. That model includes observable characteristics and school of application
fixed effects. In panel A students without a preference list (non-respondents) are randomly matched to
students with a preference list (respondents) conditional on the school of application. In panel B each
student without a preference list is matched to the student who applied to the same school and has the
nearest propensity score. In panel C we have narrowed the bandwidth in the matching procedure from
0.05 to 0.01.

Table I5 reports welfare results from an interim perspective where we have restricted the analysis to
respondents only and have reduced school capacities proportional to school-of-application-specific non-
response rates (as reported in the final column of Table 4).

Table I1. Coefficients rank-ordered logit model and structural model

A: Rank-ordered logit B: Structural model
Coefficient SE Coefficient SE

Home-school distance -0.495 (0.012) -0.512 (0.026)
Distance * Girl 0.008 (0.010) 0.042 (0.023)
Distance * Medium test score 0.010 (0.011) 0.010 (0.026)
Distance * High test score -0.025 (0.013) -0.090 (0.031)
Distance* Disadvantaged -0.053 (0.012) -0.125 (0.024)
Single-track school * Girl -0.163 (0.044) -0.323 (0.106)
Single-track * Medium test score 0.680 (0.049) 0.737 (0.123)
Single-track * High test score 1.336 (0.062) 1.519 (0.149)
Single-track * Disadvantaged -0.626 (0.054) -0.833 (0.126)

School fixed effects yes yes

Nr students 1220 1915
Nr schools 28 28
Note: Standard errors (in parentheses). *significant at 10%, ** significant at 5%, *** significant at 1%.
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Table I2. Utils and distance from home to school

(1) (2) (3) (4)
Distance -0.50*** -0.48***

(0.01) (0.02)
Ln(Distance) -1.21*** -1.22***

(0.03) (0.03)
Nr. observations 35380 35380 35293 35293
Sampling weights no yes no yes
Note: Each column reports results from a separate rank-ordered logit regression. Distance is defined as the geodetic distance
(in kilometers) between the six-digit postal code of the home address of the student and the six- digit postal code of the school.
All regressions include school fixed effects. Standard errors (between parentheses) are clustered at the student level. Sample are
students that responded to the survey and are advised the pre-university track. Regressions in columns (2) and (4) are weighted
by the inverse of the predicted probability of response. *** significant at the 1 percent level.
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Table I4. Alternative approaches to match missing rank-ordered lists - preference points, interim analysis

Outcome
A: Conditional random B: Conditional nearest neighbor C: Neighborhood (σ = 0.01)
Boston ∆B→DA

STB
∆B→ DA

MTB
Boston ∆B→DA

STB
∆B→ DA

MTB
Boston ∆B→DA

STB
∆B→ DA

MTB

(4) (5) (6) (7) (8) (9) (1) (2) (3)
- Top rank 0.885 0.007 -0.011 0.895 0.007 -0.013 0.892 0.008 -0.010

(0.004) (0.002) (0.003) (-) (-) (-) (0.003) (0.002) (0.002)
- Top 3 0.977 0.007 0.011 0.979 0.005 0.009 0.979 0.007 0.010

(0.002) (0.002) (0.002) (-) (-) (-) (0.001) (0.001) (0.001)
- % winners - 24.6 25.1 - 11.8 11.5 - 19.9 20.9
- % losers - 38.4 38.3 - 30.3 31.5 - 39.5 39.0
- Mean preference points 96.51 0.372 0.331 96.66 0.342 0.217 96.61 0.419 0.343

(0.149) (0.124) (0.126) (-) (-) (-) (0.127) (0.116) (0.118)
Notes: See the note of Table 7. In the main analysis we use neighborhood matching with σ = 0.05. Nearest neighborhood matching
eliminates all randomness in the matching process and the variances thus become 0.

Table I5. Only respondents with reduced school capacities - preference points, interim analysis

Boston ∆B→DA
STB

∆B→ DA
MTB

(1) (2) (3)
- Top rank 0.885 0.007 -0.014

(-) (-) (-)
- Top 3 0.975 0.008 0.013

(-) (-) (-)
- % winners - 14.9 14.5
- % losers - 34.0 49.4
- Mean preference points 96.34 0.515 0.456

(-) (-) (-)
Notes: The table reports statistics of allocations under Boston, DA-STB and DA-MTB for interim welfare. Rank is the rank of
a school on a student’s preference list as reported in the survey, where 1 is the highest-ranked school. % winners and % losers
indicate the shares of students that would be better/worse off when Boston would be replaced by Deferred Acceptance. Preference
points are based on survey responses, with 100 points for the highest ranked school and 0 for all unranked schools. We compute
for each student the average utility measure over all simulations of lottery draws and on the basis of this whether (s)he would be
a winner or loser in case of switching from Boston to DA. Next we take the average over the population of students in 2013. The
results are based on respondents only. School capacities have been reduced in proportion to non-response rates are reported in the
final column of Table 4. Since there is no matching of non-respondents the variances become 0.

53


