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1 Introduction

Centralized school choice systems become increasingly popular in recent decades (Neilson
2019). These systems allow families to express their preferences for schools based on desired
characteristics, while authorities can set priorities to align with policy goals. Authorities’ goals
can be diverse. For instance, they might aim to assign high-performing students to the best
schools, reduce inequality in access to quality education, or even pursue both objectives among
others.

When the goal is to reduce unequal access to quality schools, the effectiveness of school
choice depends largely on families’ preferences. For example, if disadvantaged families prior-
itize proximity over quality and high-quality schools are geographically concentrated, then the
assignment mechanism may not address inequality effectively, even with priority given to these
families. Previous literature has already shown that families’ preferences over schools can be
heterogeneous (Hastings, Kane, and Staiger 2005; Allende 2019; Abdulkadiroglu, Pathak, et al.
2020). However, the relation between heterogeneity and segregation is not as clear. Laverde
(2022) found that preferences have a weaker link to segregation than residence in Boston’s pre-K
system, while Oosterbeek, S6vago, and Klaauw (2021) argued that preference heterogeneity
drives segregation in Amsterdam’s secondary school system. The role of affirmative action
policies in the context of heterogeneous preferences has not been widely explored either. Es-
cobar and Huerta (2021) developed a theoretical model that assumes preference heterogeneity,
showing that minority quotas can reduce segregation. But this is not universally established for
all policies and contexts.

In Uruguay, a centralized school choice system introduced in 2018 assigns students to middle
schools based on a vulnerability index that accounts for poverty indicators and primary school
performance. This system prioritizes disadvantaged and lower-performing students across all
schools, irrespective of their residence. Such a prioritization approach is rare, particularly
the emphasis on low-performing students. Although the authorities did not explicitly state the
goal of this priority definition, it seems intended to prevent students’ residence from affecting
their access to quality schools, especially for those who are at a higher risk of dropping out

of the education system. This setup provides a unique context to examine how preference



heterogeneity influences segregation. With full priority given to the most vulnerable students,
preferences are the primary factor affecting segregation beyond residential location. Also, the
fact that authorities are penalizing better performing students (even if they are poor) is rare and
it is worth analyzing as an extreme case of affirmative action policy.

In this paper, I show to what extent heterogeneity in families’ preferences for middle schools’
characteristics explains segregation and unequal access to higher-quality middle schools. I first
estimate families’ preferences and find that poor families place less value on school quality.
Then, I analyze segregation into different quality schools under three scenarios: a proximity-
based assignment that does not take preferences into account, the current assignment under
heterogeneous preferences, and a counterfactual assignment with homogeneous preferences.
The findings reveal that school choice, in the presence of preference heterogeneity, exacerbates
segregation beyond residential effects. If preferences were homogeneous, the school choice
mechanism would not increase segregation compared to proximity-based assignment but would
not reduce it either. Nonetheless, it would improve overall access to high-quality schools as
some are under-enrolled.

School choice mechanisms provide a revealed measure of preferences contained in the rank-
ings submitted, although strategic behaviour must be taken into account to estimate preferences
correctly. Literature has developed some strategies to cope with this (Agarwal and Somaini
2018; Agarwal, Somaini, et al. 2021; Fack, Grenet, and He 2019; Ortega, Klein, and Aue 2020;
Agarwal and Somaini 2020). The properties of the school choice mechanism studied in this pa-
per allow me to use a very simple yet novel strategy to identify families with strong incentives for
truth-telling. I show that almost all families belong to this group. A structural model of demand
is developed assuming truth-telling for these families and the weaker undominated strategies
assumption proposed by Ortega, Klein, and Aue (2020) for those families where truth-telling
cannot be assumed. Preferences are estimated with a Gibbs Sampler, using these strategic be-
haviour assumptions under a Bayesian Data Augmentation approach based on McCulloch and
Rossi (1994).

A database was constructed by combining various sources of information. Administrative

enrollment data includes rankings submitted by families and the assignment outcome, as well



as students’ addresses, their performance in primary school, and the social cash transfers they
receive. The vulnerability index is also included. Additionally, administrative data on the
teaching staff and educational outcomes of middle schools was obtained. These data were
separately sourced from the traditional and technical-professional tracks, requiring a process of
standardization of both datasets. Lastly, georeferenced crime complaint data from the police
authorities was obtained to identify crime rates in the vicinity of schools.

This research contributes to understanding how centralized school choice systems interact
with heterogeneous preferences and highlights potential policy implications. While the findings
suggest that improving vulnerable families’ valuation of school quality could enhance access to
high-quality schools, it is unlikely to reduce segregation related to the geographic distribution
of these schools. Further research could explore supply-side responses and the public versus
private school choice dynamic.

Increasing middle school completion rates is a key objective in Uruguay, where the rate is
low compared to international standards and highly unequal (INEEd 2023). Since dropout rates
are linked to school quality (Hanushek, Lavy, and Hitomi 2008), ensuring equal access to quality
schools is relevant for policy objectives. Authorities seem to had this in mind when defining
full priority for students with the most dropout probability, even being willing to penalize
better performing students to achieve it. This paper suggests that preference heterogeneity might
undermine the policy’s effectiveness in improving access for vulnerable students, even having the
opposite effect. To enhance equality, authorities might consider interventions that increase the
perceived value of school quality among disadvantaged families, such as providing information
on educational outcomes and future benefits. Still, addressing disparities in access to school
quality will likely require more comprehensive strategies, including potentially reallocating

resources to enhance quality in disadvantaged areas.



2 Related literature

This paper is related to several works in the school choice literature. A first group comes from
matching theory and market design and focuses on the theoretical properties of assignment
mechanisms. These papers provide theoretical foundations on school choice algorithms as
well as empirical evidence of properties when theory does not provide conclusive answers.
Gale and Shapley (1962) and Abdulkadiroglu and Sonmez (2003) were among the first to
apply mechanism design developments to student allocation. The former focuses on university
admissions and proposes the deferred acceptance mechanism, theoretically demonstrating its
stability and Pareto optimality properties among stable algorithms. The latter deepens this line
of research by surveying the main school assignment algorithms used in real situations and
developing their theoretical properties in terms of stability, efficiency, and manipulability.

Pathak and S6nmez (2008) provides another example of theoretical contributions, focusing
on the differences between manipulable and non-manipulable mechanisms. It shows that the dif-
ferent ability of parents to manipulate non-strategy-proof mechanisms favors more sophisticated
parents. Abdulkadiroglu, Pathak, et al. (2006) provides empirical evidence of heterogeneous
strategic behavior using data from school assignment in Boston. Abdulkadiroglu and S6nmez
(2013) presents a review of theoretical contributions around school choice mechanisms, sum-
marizing their main properties. In this paper, understanding the properties of the assignment
algorithm allows making assumptions about parents’ strategic behaviour when ranking schools
and thus correctly inferring real preferences.

An additional discussion focuses on the empirical and theoretical results of affirmative action
policies integrated into school choice mechanisms, in what is called controlled school choice.
Kojima (2012) shows that the implementation of such policies in New York and Boston led
to welfare losses for minority students. Additionally, it theoretically demonstrates that these
policies (whether through quotas or priorities) are not compatible with stability property of
mechanisms. On the other hand, Echenique and Yenmez (2015) discusses these results by
theoretically developing mechanisms that include preferences for diversity and generate stable
assignments. This work provides a novel empirical analysis of a unique mechanism character-

ized by prioritization criteria, with equity objectives similar to those of quotas, showing that



heterogeneity in family preferences plays an important role in diversity goals set by authorities.

A different set of literature focuses on estimating parents’ demand for school characteristics.
The first works in this group emerged from the economics of education and attempted to
identify parents’ valuation of school quality through the effect of school characteristics on nearby
property prices. Black (1999) exploits variation in property prices at geographic boundaries
that determine assignment to one school or another, finding a positive effect of school quality on
property prices. Black and Machin (2011) reviews the findings and methodological alternatives
used in this literature, showing some level of consensus on the effect of school quality on
property prices.

With the introduction of school choice mechanisms, developments from industrial organiza-
tion literature where applied to exploit parents’ stated preferences in structural demand models.
Hastings, Kane, and Staiger (2005) is as a central reference in this area. It estimates preferences
using a mixed multinomial logit model and rankings submitted by parents when enrolling their
children in the Charlotte-Mecklenburg district. It is the first work to empirically demonstrate
heterogeneity in parents’ preferences for quality and distance. More recently, Allende (2019)
develops an equilibrium model of supply and demand for primary education in Peru. It pro-
poses a model that incorporates peer preferences, finding that wealthier families value peer
composition more and negatively value the presence of poor students. Abdulkadiroglu, Pathak,
et al. (2020) also estimates parents’ demand for peer composition and academic quality within a
school choice mechanism, finding that the latter is not relevant to parents once peer composition
is considered.

A portion of this literature has focused on integrating theoretical developments from match-
ing theory into demand analysis, developing structural models that incorporate parents’ strategic
behaviour when ranking schools. Agarwal and Somaini (2018), Agarwal, Somaini, et al. (2021),
Fack, Grenet, and He (2019), and Ortega, Klein, and Aue (2020) propose structural models to
estimate preferences using data from manipulable assignment mechanisms, demonstrating pa-
rameter identification based on assumptions about algorithm properties. Agarwal and Somaini
(2020) present a unified guide for revealed preference analysis under different theoretical proper-

ties of algorithms and assumptions about parents’ behavior. This paper adds to this literature by



exploiting a rare property of the assignment mechanism studied to assume families truth-telling.

Some works estimate preferences for schools to understand their relationship with segrega-
tion. Laverde (2022) estimates parents’ preferences and shows that the geographical concen-
tration of higher-performing pre-K schools explains a larger part of ethnic student segregation
than preference heterogeneity. For this, it generates counterfactual scenarios by imposing non-
minority group preferences on minority families and modifying family locations. Oosterbeek,
Sovago, and Klaauw (2021) analyzes the case of secondary school choice in Amsterdam, where
they show high ethnic and income segregation. They find that in this case, preference hetero-

geneity is indeed the main factor explaining segregation.



3 Setting

Education in Uruguay is compulsory at the kindergarten, primary, and secondary levels. Kinder-
garten spans two years starting at age four, primary education consists of six years, and secondary
education is divided into two three-year cycles, middle school being the first of these. Within the
middle education system, there exist both traditional and technical-professional tracks, allow-
ing students to choose between traditional middle schools (liceos”) and technical-professional
schools ("UTU”) respectively. All subsystems, including higher education, have public provi-
sion, which accounts for a majority share of enrollment. In the primary level, public provision
reaches around 83% of total enrollment, with a stable trend over the past decade. At the sec-
ondary level, this percentage rises to 89%. This includes the public portion of enrollment in
public middle traditional schools and the entirety of the technical-professional track (UTUs),

which is exclusively public.

Figure 1: Public share in total enrollment

Own elaboration based on ANEP data.



Figure 2: Middle school enrollment share

Own elaboration based on ANEP data.

Within middle education, technical-professional education has gained relevance in enroll-
ment over the last decade. Private secondary education has slightly reduced its enrollment
share, so the increase in enrollment in technical-professional schools is mainly accompanied
by a smaller portion of the total enrollment opting for public traditional track. However, it
has not decreased but rather remained stable in absolute terms. The increase in the relevance
of technical-professional schools is associated with an increase in total enrollment in middle
education that seems to have been channeled toward this educational option.

Completion of primary school is nearly universal. In secondary education, increasing
completion levels are one of the main goals of the education authorities, at least in the last
three government periods'. In 2022, only 50.9% of young people aged 21 to 23 had completed
secondary education. The results are also highly unequal. Youth from the lowest income quintile

completed it in 22.5% of cases, while those from the highest quintile reached 82% (INEEd 2023).

3.1 Assignment to middle schools in Uruguay

Centralized assignment algorithm. Until 2018, the assignment of students from primary

schools to middle schools was divided between the administration of the traditional track (Con-

'As explicitly stated in the ”Informe sobre el estado de la educacion en Uruguay” for 2021-2022, 2019-2020,
2015-2016, and 2014, published by the Instituto Nacional de Evaluacion Educativa (INEED).



sejo de Educacion Secundaria) and the administration of technical-professional track (Consejo
de Educacion Técnico Profesional). There were no defined or transparent criteria for assign-
ment. Since 2016, students began to enroll by submitting a ranking of 3 centers, but assignments
continued to be made separately between tracks without transparent criteria. Since 2019, as-
signment has been done through a centralized algorithm that takes into account the preferences
declared by families and the priorities defined by the authorities. Enrollments are made in
September, and assignments are informed in December of the last school year. This is a key as-
pect, as in general, enrollment in private institutions is made before the publication of assignment
results. Thus, it is expected that families participating in the enrollment have already decided to
attend a public school rather than a private one, and it can be assumed that not being assigned
implies not attending any middle school. Since there is a single system for both traditional and
technical-professional tracks, rankings can mix centers from both subsystems. In the case of
traditional schools (“’liceos’), the option chosen refers to the school but not to the shift within
the school (morning or afternoon). In the case of technical-professional schools ("UTU”), the
option refers to a specific program, with some centers offering more than one program. In
the context of this paper, only the Ciclo Basico Tecnologico (CBT) within UTU programs is
considered, as it is the only one that does not have special age requirements. Graduation from
both tracks enables entry into higher secondary education without distinctions.

The algorithm assigns students in subsequent steps, first assigning those considered of higher
priority. Additionally, within each group, vulnerability index and assignment to default schools
are used to define priorities among students. The vulnerability index is calculated considering
students’ poverty indicators and their performance in primary school. Students are considered
more vulnerable if they are overage, have more absences and lower grades in the last three years,
and receive more social cash transfers (Asignaciones Familiares y Tarjeta Uruguay Social). On
the other hand, default schools are defined at the primary school level (all students from the same
school have the same default school), but the criterion is not transparent. If a student does not
put their default school among the 3 options, it is imputed as the fourth option. Not all students
have a default school. Finally, in case of needing to break ties between students with the same

level of priority, priority is given to whoever enrolled first.



Parents are unaware of the details of the mechanism. They are not informed about the
default school or the prioritization criteria. Additionally, the implementation of the algorithm
was not widely publicized in Uruguayan society?. Primary school teachers play an important
role in advising parents in the process. Parents must submit their ranking through an online
platform, and in some cases they do so at the school with the help of the teacher or principal.
However, enrollments executed by a school official are recorded and do not reach 1% of the total
enrollments in 2022.

The steps of the algorithm are detailed below.

Step 1. Some primary schools have an associated technical-professional school called CEA.
Students of these schools are considered. If the student’s first choice is the CEA associated with
their school, they are assigned there without considering the CEA’s capacity.

Step 2. Students with special needs are considered, ordered by their vulnerability index and
using the serial dictatorship algorithm.

Step 3. Students from Prioritized Programs are assigned using the serial dictatorship
algorithm, ordering students randomly since they do not have a vulnerability index.

Step 4. Students from rural schools are assigned using the serial dictatorship algorithm,
ordering students by their vulnerability index.

Step 5. Unassigned students and their four options (the fourth option being the default school
if they have one) are considered. They are ordered by vulnerability index and assigned using
the serial dictatorship algorithm.

Step 6. Unassigned students with a default school are assigned to their default school without
considering capacity.

Step 7. Unassigned students are considered, ordered by vulnerability index. Each student is
assigned to the ranked option with the least overcapacity. If the minimum overcapacity occurs

in more than one option, they are assigned to the best ranked option.

2Google news searches for “middle school enrollment ANEP” and ”UTU enrollment” between 2015 and 2022
only show one result related to the launch of the new mechanism, but it does not include any details about its
operation (https://ladiaria.com.uy/articulo/2016/12/fenapes-denuncia-caos-en-las-inscripciones-a-secundaria-por-
el-sistema-guri/).
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Table 1: Student assign-
ment by step, 2022

Step  Students %o

1 707 1,7%
2 2.185 5,2%
3 397 0,9%
4 2.043 4,8%
5 35426 84,1%
6 1.312 3,1%
7 62 0,1%

Total 42.132 100%

Own elaboration based on
ANEP data.

Table 2: Student assignment by ranking position

2022 2021
Students % Students %

First 38464 91%  36.467 88%
Second  2.566 6% 2.796 7%
Third 1.060 3% 2.029 5%
Fourth 42 <1% 210 <1%

Total 42.132  100%  41.502

2020 2019
Students % Students %

First 38.392  92%  37.880 89%
Second  2.268 5% 3.053 7%

Third 883 2% 1.324 3%
Fourth 234 <1% 300 <1%
Total 41.777 42.557

Own elaboration based on ANEP data.

As shown in Table 1, most students are assigned in step 5. At the same time, only a small
percentage of students are assigned in steps 6 and 7. Additionally, Table 2 shows that in all years
where the centralized mechanism was used, nearly 90% of students were assigned to their first
choice, and less than 1% to their fourth choice. Considering the lack of knowledge parents have
about the assignment mechanism, these results suggest that families participating in enrollment

could assume a high probability of entering the ranked centers, particularly their first choice,
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based on the successful experiences of other families.

Supply: schools’ characteristics. In 2022, a total of 937 options were ranked: 276 tra-
ditional schools (liceos”), 238 technical-professional Education schools (UTU), 194 private
institutions, 179 non-formal education centers, and 50 seventh-grade courses in rural schools?.
Six options are for overage programs admitting students over 15 years old, and 102 technical-
professional programs admit students over 14 years old. Additionally, 1 school has a special
program for students with hearing loss. For the analysis in this work, only the 266 tradi-
tional schools and 137 technical-professional with programs that do not have any particular

requirements will be considered.

Table 3: Supply of schools without special requirements, 2022

Montevideo Rest of the country Total

Total Trad. Tech. Total Trad. Techn. Total Trad. Tech.
Schools 84 58 26 319 208 111 403 266 137
At capacity 50% 52%  46% 31% 29% 35% 35% 34% 37%
Capacity
Mean 123 143 81 88 106 53 95 114 59
Accumulated 10.372 8.269 2.103 27.991 22.068 5.923 38.363 30.337 8.026
Overdemand
Mean (*) 24 29 14 6 6 4 9 11 6
Max 218 218 91 108 108 50 218 218 91

Accumulated 2.037 1.675 362 1.748 1.316 432 3785 2991 794

(*) Between at capacity schools. Own elaboration based on ANEP data.

Table 3 presents some statistics on the supply of schools considered in this work. Both the
cumulative capacity and the number of options are higher in traditional schools than in UTU.
At capacity schools are those where all available seats are filled. Overdemand is the difference
between the available seats and the number of students who rank the school as their first choice.
If all students were to be assigned to their first choice, the overdemand is the amount that the
capacity of schools that are full should increase to allocate all students in their first choice. In
line with the high percentage of students assigned to their first choice, the supply is elastic, and
excess demand is not a problem. However, there are some centers that are highly demanded.

There are 23 schools that would need to increase their capacity by more than 50 places to

3 Although the mechanism assigns only to public schools, students can fill in options outside the system.
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accommodate all those who rank them as their first choice, and 4 schools would need to do so
by more than 100. On the other hand, 307 scohols (76% of the total) have between 0 and 10

students of excess demand.

Table 4: Schools’ characteristics

Total Trad. Tech. Montevideo Rest of the country

Teachers 63 (36) 74 (38) 44 (23) 73 (31) 61 (37)
Titled (%) 60 (14) 67 (10) 48 (11) 58 (16) 61 (13)
Tenured (%) 38 (15) 42 (15) 29 (12) 35 (17) 38 (15)
Over 40 y/o (%) 34 (13) 28 (8) 46 (11) 38 (10) 33 (13)
High dedication (%) 33) 3(3) 2(2) 3(12) 33)
Students per teacher 502) 5Q2) 5Q2) 6(2) 4(2)
Students 315 (222) 367 (234) 214 (153) 434 (225) 283 (211)
Approvals (%) 67 (13) 67 (12) 67 (15) 62 (13) 68 (13)
Disengagement (%) 74) 64) 9(5 84) 64
Thefts 341 (503) 380 (567) 266 (336) 929 (780) 187 (214)
Murders ,0(1,8) 1,0(1,9 0,9 (,7) 2,9(2,9) 0,4 (0,9)
Robbery 74 (142) 79 (147) 63 (131) 301 (170) 14 (28)

Mean (sd). Own elaboration based on ANEP and MI data.

Table 4 shows descriptive statistics of the available characteristics for all schools considered.
Teacher characteristics (quantity, percentage of titled, percentage over 40 years old, percentage
of tenured, percentage of high dedication, and students per teacher), student enrollment, and
educational outcomes (approvals and disengagement) are measured at the level of the entire
school, taking the average between 2021 and 2022. Graduated teachers from IPA, CERP, IFD,
INET, and ISEF are considered titled*. Tenured positions are obtained through a competitive
process and are held in a particular school. Teachers can apply for a transfer of the position to
another school once a year, provided they have remained in the same school for at least 2 years.
Interim teachers, on the other hand, apply every year and can be assigned to different schools
each time. Thus, the percentage of tenured teachers in the school reflects the stability of the
teaching staff. The number of students per teacher represents the total enrollment of the school
divided by the number of teachers and not the number of students each teacher must attend to in

a group, which is not available. This measure seeks to capture the same effect but is a bit more

4Instituto de Profesores Artigas, Centros Regionales de Profesores, Instituto de Formacién Docente, Instituto
Normal de Educacion Técnica, and Instituto Superior de Educacion Fisica respectively.
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diffuse because it does not take into account the teacher’s hourly dedication and therefore how
many groups they are in charge of. Nevertheless, on average only 3% of the teachers in a school
have more than 30 hours assigned. Crime data refers to police reports of crimes committed
in a radius of 1 kilometer of the school. An important aspect for estimation is that variation
is observed in all variables. More descriptive statistics are presented in Annex A.2, and the
construction of the database is described in detail in Annex A.1.

Demand: student characteristics. In 2022, a total of 42,132 students participated in the
enrollment throughout the country. To analyze a more uniform set of students and ensure that
the model’s assumptions can be plausibly maintained, students aged 15 or older, students from
special schools, students who did not rank any of the considered schools, and students who were
assigned to private schools were excluded from consideration. It is expected that this particular
set of students may have another way of making school choice decisions. This filtering resulted
in a total of 37,259 students (88% of the total) for analysis®>. Table 5 shows some descriptive
statistics of the considered students.

Table 5: Students’ characteristics

Total Montevideo  Rest of the country ~ With TUS  Without TUS
N 37.259 11.356 25.894 10.847 26.412
Age (*) 12,7 (0,6) 12,8 (0,7) 12,7 (0,6) 12,9 (0,7) 12,7 (0,6)
Grades (7) 6,5 (1,3) 6,3 (1,3) 6,6 (1,4) 5,8 (1,2) 6,7 (1,3)
Absences () 39 (15) 42 (15) 38 (15) 45 (16) 37 (14)
Women 50% 50% 49% 50% 49%
AFAM-PE 59% 59% 59% 99% 43%
TUS 29% 34% 27% 100% 0%
Doble TUS 19% 25% 16% 66% 0%
Vulnerability 3.667 (2.011) 4.078 (2.163) 3.486 (1.912) 5.784 (1.697) 2.797 (1.386)
Has default 86% 98% 81% 86% 86%
Default ranked 1 57% 47% 62% 48% 60%
Default ranked 2 16% 14% 18% 19% 16%
Default ranked 3 20% 29% 15% 23% 19%
Default not ranked 7% 10% 5% 10% 6%

Mean (sd). (*) Age at april 30, 2023 (defines admission in extra-age plans). (1) Last 4 years of school mean. Default
is the default school. Own elaboration based on ANEP data.

Priorities: Vulnerability Index. The assignment priorities in the mechanism are given by

> Additionally, in Annex A .4, T present estimations eliminating students who did not have nearby centers using
different proximity criteria.
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the vulnerability index constructed by ANEP. The index aims to prioritize students with poorer
educational outcomes and those who have an unfavorable socioeconomic context. In particular,
a student is considered more vulnerable the higher the number of absences they have in the last
3 school years, the worse grades they have had in those years, the more overage they are, and

the higher the load of social plans (AFAM-PE, TUS, and double TUS) they receive.

Figure 3: Vulnerability index histogram

2500 5000 7500 10000
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0

Own elaboration based on ANEP data.

The prioritization of students with a higher number of absences and worse grades in school
is a distinctive aspect of ANEP’s assignment mechanism. Usually, mechanisms that consider
students’ previous educational outcomes do so to prioritize students with better performance.
This can result in the assignment being disadvantaged for students who receive social plans for
having good grades or a low level of absences. Figure 4 shows that both for the total number of
students and for the subset of students receiving AFAM-PE, students with better grades and fewer
absences in school are more likely not to be assigned to their first choice. In 2022, 1,142 students
receiving AFAM-PE were not assigned to their first choice. This condition motivates reflection
on alternative prioritization options that do not penalize students from negative socioeconomic

backgrounds for having positive educational results in school.
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Figure 4: Grades and absences by assignment to first option or not
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Own elaboration based on ANEP data.

Distances. Distance to the school is a central element of school choice, as is consensus in
the literature on the subject. Table 6 shows the distance of students to a set of relevant schools.
In general, students will have to travel further when entering middle education, as the assigned
school and the ranked schools are farther away than the primary school they attended. This seems
to result from a certain willingness of students to travel to obtain some desired characteristic
because the closest school for most students is closer than the primary school. The default school
is usually closer than the second and third-ranked options. Lastly, students receiving TUS rank

closer options compared to students who do not receive it.
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Table 6: Distancia al estudiante (km)

Total Montevideo Rest of the country  With TUS ~ Without TUS
Primary school 1,3 [0,6-5,7]1 1,1 [0,6-4,0] 1,3 [0,6-8.,7] 1,2[0,6-5.4] 1,3 [0,6-5,8]
Ranked 1 1,7[0,8-54] 2,2[1,0-5,2] 1,5 [0,8-5,7] 1,9 [0,9-5,1] 1,7[0,8-5,6]
Ranked 2 2,5[1,3-8,6] 2,7[1,5-5,8] 2,4 [1,2-13,5] 2,6 [1,3-7,4]  2,5[1,2-9,1]
Ranked 3 3,1 [1,5-11,8] 3,0 [1,7-6,1] 3,2 [1,5-19,9] 3,1 [1,69.2]1 3,1 [1,5-13,1]
Assigned 1,70,8-5,51 2,3[1,1-5,4] 1,5 [0,8-5,6] 1,909-5,1] 1,7[0,8-5,8]
Default 1,6 [0,8-4,3] 2,1 [1,1-4,6] 1,4 [0,7-3,9] 1,8[09-42] 1,6[0,8-4,3]
Closest 0,8 [0,4-1,2] 0,8 [0,5-1,1] 0,7 [0,4-1,3] 0,8 [0,5-1,2] 0,7 [0,4-1,2]
Closest tech. 1,5[0,8-2,4] 1,5[1,0-2,2] 1,4 [0,8-2,6] 1,5[0,9-2,4] 1,4[08-2,5]
Closest trad. 0,9 [0,5-1,4] 0,9 [0,6-1,3] 0,9 [0,5-1,6] 0,9 [0,6-1,5] 0,9 [0,5-1,4]

Median [25%-75%]. Own elaboration based on ANEP data.

Assignment and access to quality schools. The resulting assignment shows segregation
of students into different quality schools according to their vulnerability. One way to see this
is to group students according to their vulnerability and measure the proportion of each group
in schools with different levels of quality. Four vulnerability groups are considered according
to whether they receive double TUS, only TUS, only Asignaciones Familiares (AFAM-PE), or
do not receive any social plan®. Figure 5 presents the proportion of students in each group
in the schools that are in each quartile of the distribution of characteristics that approximate
educational quality, compared to the proportion of students per group in the student population.
Students receiving social plans are overrepresented in schools in the first quartile of quality and
underrepresented in schools in the highest quartile of quality, for any of the selected measures
of quality. The opposite occurs with students who do not receive any social plan. At the same
time, Table 7 shows that these characteristics change substantially among schools in different

quartiles.

5Double TUS is aimed at the bottom 10% of the income distribution, and TUS at the bottom 20%. Their
allocation is defined based on an index of critical shortcomings. AFAM-PE cover a larger population. They are
aimed at minors under 18 or people with disabilities from households in socio-economic vulnerability. AFAM-PE
require enrollment and attendance at an authorized educational institution.
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Table 7: Mean schools’ characteristics by

quartile
Ql Q2 Q3 Q4
Tenured 20% 34% 45% 56%
Approvals 51% 65% 72% 82%

Disengagement 13% 7% 5% 3%

Own elaboration based on ANEP data.

Figure 5: Share of students from each socioeconomic group in quality quartiles

Pop. Tenured Approvals Disengagement

s ||l%
11%

I 12% 12% l

119% 10% 9% 12% 10% 9%

l . o ll

306 38% 43%

13%

0, 0,
36% 20% 30 35% 2995 35% 40% 40% 27% 3
1 2 3 4 1 2 3 4 1 2 3 4
Quartile Quartile Quartile
. Double TUS TUS . AFAM-PE Without social plans

Pop. represents the share by group in the student population. Tenured is the share of tenured teachers.
Approvals is the approval rate, and Disengagement is the dropout rate. All variables are measured at the
school level, taking the average of 2021-2022 (except for the approval rate). Quartiles were calculated
within each department. Own elaboration based on ANEP data.

An important aspect of the assignment is that most high-quality schools have available
capacity to accept more students, as observed in Table 8. This suggests that access to them
could be improved for the most vulnerable students without necessarily incurring high costs for
less vulnerable students.

Table 8: At capacity schools by quartile

Ql Q2 Q3 Q4

Tenured 25% 37% 39% 41%
Approvals 31% 33% 37% 41%
Disengagement 27% 29% 41% 42%

Table 9: Own elaboration based on ANEP data.

On the other hand, schools’ quality is not evenly distributed in space. Table 9 shows that
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the most vulnerable students have to travel more than the less vulnerable ones to access schools
in the highest quartile of quality. For example, in Montevideo, students with double TUS must
travel on average 1.1 km more than students who do not receive social plans to find a school
in the highest quartile of the proportion of tenured teachers. Additionally, the most vulnerable
students have to travel more on average to find a higher quality school than to find a lower quality
one. For students who do not receive social plans, this is the opposite; they have to travel more

to find a school in the first quartile of quality.

Table 10: Distance to closest school in each quartile (km)

Montevideo Rest of the country
QI Q2 Q3 Q4 QI Q2 Q3 Q4
Tenured
Double TUS 2,0 1,7 2,0 32 90 6,7 63 95
TUS 20 1,7 19 32 99 73 6,6 93

AFAM-PE 2,1 18 19 27 11,2 80 7,5 10,0
Without SP 25 19 19 2,1 124 7,1 62 7]

Approvals
Double TUS 19 19 2,7 1,7 63 63 7,1 74
TUS .8 1,9 27 1,7 68 69 76 17,6

AFAM-PE 19 1,8 23 16 74 78 84 84
Without SP 2,0 1,7 20 16 66 93 7,0 6,6

Disengagement
Double TUS 1,7 1,7 1,6 2,0 88 69 58 64
TUS 1,7 1,7 16 20 92 72 62 69

AFAM-PE L7 16 16 19 93 79 72 176
WithoutSP 1,8 1,5 1,6 1,8 94 75 60 638

Own elaboration based on ANEP data.
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4 Conceptual framework

4.1 Discrete Choice Models

Discrete choice models for the structural estimation of demand elasticities are one of the main
tools in the industrial organization literature. This approach is based on assuming a functional
form for consumer utilities and the general idea that consumers choose a good when it provides
greater utility than the other available goods. This set of options among which consumers
can choose is defined as the choice set. The identification of substitution parameters between
characteristics of goods results from exogenous variation in the choice sets. Intuitively, this
means observing how individuals’ decisions change when the options available to them change
exogenously. S. T. Berry and Haile (2021) and Train (2009), for example, provide extensive
discussion on demand estimation developments within the industrial organization literature.

Since consumer-level data are not typical in the industrial organization literature, most models
estimate demand based on individual-level utility but using aggregated data. This is the case for
popular models like the one proposed by S. Berry, Levinsohn, and Pakes (1995). However, the
school choice scenario and the availability of student-level data provide an opportunity to specify
consumer-level demand models in the style of McFadden (1973). Additionally, the availability
of rankings with three preferred options provides an additional source of identification, reducing
the relevance of exogenous variation in choice sets (S. Berry, Levinsohn, and Pakes (2004) and
Train (2009)).

A simple model using rankings One way to exploit rankings is by using a model like the one
developed by Train (2009, Ch. 7). Consider a school market where I students choose among J
schools. Each student i submits a list L; = (j l.l, jiz, ooy jl.K" ). The ranking that the student assigns
to each school is rk;(j), where 1 < rk;(j) < K;if j € L; and rk;(j) = @ if j is not on the list. It
is assumed that the utility of each student i for each school j takes the form U;(j) = BX;; + €;;,
where X;; is a vector of school’s characteristics (which may be interacted with characteristics

of each student), and ¢;; is an unobserved term. For example, if a student submits the ranking
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L, =(C,B,D,A), it can be inferred that

Ui(C) > Ui(B) > Ui(D) > Ui(A) o))

The discrete choice literature proposes different models that make assumptions on the struc-
ture of the unobserved term ¢;;, from which the model parameters can be estimated.

Strategic behavior in the school choice context In the context of school choice, the
consistency of revealed preference estimation depends on assumptions about parents’ decision-
making (Agarwal and Somaini 2020). The main concern is whether the rankings presented by
families represent their true preferences or include some level of strategic behaviour, thereby
including their beliefs about allocation probabilities. For example, highly demanded options
might be omitted because parents consider the admission chances to be low. In this case, the
condition of equation (1) would not necessarily be met: ranking an option would not necessarily
imply that it is preferred. As the interest is usually in recovering real preferences about schools,
the literature has used the properties of allocation mechanisms to make assumptions about
strategic behavior and incorporate it into the structural model. Understanding the properties of
the mechanism is then a central aspect of estimation.

Agarwal and Somaini (ibid.) highlight two properties of school choice mechanisms that
establish favorable conditions for using certain estimation techniques: stability and strategy-
proofness. A mechanism generates stable assignments when there is no justified envy. In the
school choice context, this means that no student is assigned to a school A if they prefer another
school B, and a less prioritized student is assigned to school B. A mechanism is strategy-proof
when telling the truth is a dominant strategy for all players. This would not be the case if parents
could increase the chances of their child being assigned to a preferred school by submitting
rankings that do not represent their true preferences.

In this regard, Fack, Grenet, and He (2019) and Ortega, Klein, and Aue (2020) propose
different possibilities for expanding the simple model presented depending on assumptions

about strategic behavior:

1. Weak Truth Telling (WTT): Assumes that students rank their K; preferred options, and
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unranked options are valued less than ranked ones: U;(j) > U;(j’) if j,j' € L; and

rki(j) < rki(j),orif j € Lyand j’ ¢ L;.

2. Undominated Strategies: Assumes only that students rank according to their actual pref-
erences within the ranked options: U;(j) > U;(j')if j,j" € L; and rk;(j) < rk;(j’). This
assumption allows students to omit preferred options above the ranked first option and
in between ranked options since it does not assume any relationship between the utility
of ranked and unranked options. It is a more general assumption but also has weaker

identification conditions.

3. Stability: If the assignment mechanism is stable, the minimum priority score (cutoff) to
be accepted at each educational center can be calculated. Thus, the assumption implies
that students rank their K; preferred options omitting “unattainable” options. Thus,
Ui(j) 2 Ui(j') if rki(j) < rki(j’) or j* ¢ L; and cutof f; < priority;, where priority;

is the student’s priority score.

In general, the WTT assumption is difficult to sustain, particularly when students can rank
a limited number of options, so in both works, it is used as a benchmark. Fack, Grenet, and
He (2019) shows that the conditions imposed by the stability assumption are sufficient for point
identification, while Ortega, Klein, and Aue (2020) presents Monte Carlo simulation evidence

in favor of using the assumptions of undominated strategies and stability together.

4.2 A behavioral model for the uruguayan case

As mentioned, families do not have details about the functioning of the assignment mechanism.
However, based on the results of past allocations, they may estimate a high probability of entering
one of the ranked schools, given that less than 1% of students are assigned to an unranked option
each year. Although they do not know the aggregated allocation results, it is highly unlikely
that in their school or among the families they know, they find cases of students assigned to an
unranked school. This point represents suggestive evidence that they have incentives to rank
their truly preferred options rather than engaging in strategic behaviors. Additionally, it will be

argued here that even if families were aware of the algorithm’s functioning, it has properties
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that also support the WTT assumption, at least for most students, and discard the stability
assumption.

A key aspect is the use of the Serial Dictator algorithm within each step of the allocation. The
Serial Dictator considers students one by one, ordered from highest priority, and assigns them
to their most preferred option with available space. It differs from other mechanisms because
there is no penalty for ranking highly demanded schools first . The mechanism is stable and
strategy-proof if students can rank schools limitlessly, but it ceases to be so if they have a limit
on the number of schools they can rank. Intuitively, if the length of the ranking is limited to 3,
low-priority students could result unassigned if they only rank highly demanded options. This
implies incentives to rank a safe option even if it is not among their top 3 preferences.

However, a particularity of the mechanism used by ANEP is that in step 7, all students not
assigned to any of their ranked options are assigned, regardless of whether there is no capacity
available. This step ensures that students are assigned to one of their ranked options, except for
students who have a default school and do not rank it within their top three options, in which
case they are assigned to their fourth option. At the same time, step 7 generates justified envy,
making the assignment unstable. Taking this into account, three types of students with different

incentives to strategically manipulate their ranking can be distinguished:

1. Students who do not have a default school
2. Students who have a default school and it is among their top three preferred schools

3. Students who have a default school but it is not among their top three preferred schools

For type 1 students, the mechanism guarantees assignment to one of the ranked schools. Thus,
the student has no incentive to exclude their top preference. However, they could strategically
rank their most preferred option first and fill the second and third places with highly demanded
options. The aim of this strategy would be, if not assigned to their first choice in step 5, to also
not be assigned to their other two options and be assigned to their first choice in step 7, being the

least overfilled. This strategy would require detailed knowledge of the assignment algorithm,

7In the Boston mechanism (or immediate acceptance mechanism), for example, each student’s first choice is
considered first. If there is no space in the first choice for a student, subsequent students are attempted to be assigned
to their first choice. This reduces the student’s probability of entering their second choice, so there is an incentive
not to rank a highly demanded option first.
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and it also entails the risk for the student of being assigned to a non-preferred option if their
beliefs about the cutoffs are incorrect, so it will be assumed that WTT holds for this group of
students.

Type 2 students are also guaranteed assignment to one of the ranked options. In their
case, they could incorporate a similar strategy to that detailed for type 1 students. If their
predetermined option is their first or second preferred option, they could fill the remaining lower
options with highly demanded schools to avoid assignment in step 5 and be assigned to their
default option in step 6. It will also be assumed that this strategy entails detailed knowledge of
the algorithm and is risky for the student, so WTT will also be assumed for type 2 students.

The most problematic case is that of type 3 students. If a student dislikes their default school,
they could incorporate options that are not among their top three preferences but have a higher
probability of entry and are better options than the default school. For this group, WTT would
not seem to hold, so only undominated strategies will be assumed by counting the default school
as the fourth option. This assumption can be maintained because even if the student includes a
’safe” option to avoid the default, the use of the serial dictator in step 5 means that they have no
incentive to place their three ranked options in a different order than their preference. Although
the use of this assumption instead of WTT reduces the ability to infer preferences from rankings,
students belonging to this group represent a smaller portion of the total, as observed in Table 5.

An important detail is that type 1 students can be distinguished in the data because it is
observed whether they have a default school or not. However, for students who have a default
school, what is observed is whether they rank it or not. Assuming that ranking it implies that
it is truly among their preferences requires an additional behavioral assumption. Students who
have a default school have no incentive to rank it if it is not among their preferred options, as
this would only remove the possibility of ranking a more preferred option without any benefit.
Therefore, it can be assumed that students who rank their default school are type 2 and those
who do not rank it are type 3.

Ultimately, the uruguayan assignment system is defined as a set of I students choosing
schools j within their choice set J; by submitting a ranking of three schools L; = ((j}, j2, j?).

The ranking that the student assigns to each school is rk;(j), where 1 < rk;(j) < 3if j € L;
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and rk;(j) = 0 if j is not on the list. Some students have a default school j lp € J;, while the
rest of the students do not, jf = (0. The utility of student i for being assigned to school j has the
form U;(j) = BX;j + €;j, similar to the model presented earlier. If student i submits the ranking

Li=(j l.l, jl.z, jl.3), it reveals the following preference relationship (the subscript i is omitted):

UuGh >u@G?) >UuG?) >u@r) it jP#0 & rk(jP) =0 o
UGh > UG? > U3 > U otherwise

Where j' = j € J; such that (rk(j’) = (), are all the options in the choice set not ranked.
Equation (2) reflects the use of the undominated strategy assumption for students who have a
default school but do not rank it, and WTT for the rest of the students.

Identification in discrete choice models requires assuming a certain structure in the error
term. Most commonly in the industrial organization literature, variants of Logit models are used,
where it is assumed that ¢;; is iid and has an extreme value distribution, or Probit models, where a
joint distribution of the unobservables €; ~ N (0, Q) is assumed. In general, Logit models assume
a convenient form of estimation using maximum likelihood or method of moments, although
they have the limitation of assuming the independence of irrelevant alternatives property. This
assumption is particularly problematic when using rankings because it implies that the choice
of each ranked option is independent of each other (Train 2009, cap. 2). There are variants such
as Mixed Logit models that incorporate random coefficients and thus overcome this limitation,
which can be estimated by maximum likelihood simulation. However, the high number of
options leads to biases in these models (ibid.) and they often do not have a solution when
attempting to assume some type of strategic behavior in the rankings (Agarwal and Somaini
2020). This is why Probit models become more attractive, as the structure assumed for the
error term allows for any type of correlation between the unobservables of the alternatives,
thus relaxing the independence of irrelevant alternatives property (McCulloch and Rossi (1994)
and Train (2009)). The estimation of this class of models is usually carried using Bayesian
procedures, which overcome the biases of maximum likelihood simulation even with a high
number of options.

Heterogeneous preferences and the role of information. The developed model assumes
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that families are aware of the characteristics of the schools. This is an important assumption,
as lack of information about product quality affects consumer behavior (Akerlof 1970). In the
context of school choice, access to information about school quality could be more restricted
for families from more vulnerable socioeconomic backgrounds (Hastings and Weinstein 2008).
At the extreme, if the most vulnerable families have no information about school quality, their
decisions will be guided only by characteristics they do know, such as distance, and they
will not value quality. On the other hand, even when all families have accurate information
about schools’ characteristics, the preferences of the most vulnerable families could incorporate
incorrect information about returns to human capital investment and the importance of center
quality (Jensen 2010).

Ultimately, differences between groups in estimated preferences will capture both differences
in available information about school characteristics and the actual preferences of families. At
the same time, some of the estimated preferences will be associated with families’ information on
educational returns and the importance of school quality. Distinguishing these three component
is out of the scope of this paper. By imposing estimated preferences for vulnerable families on
the rest of the families, the potential effect of an intervention in vulnerable families’ information,

if it were the cause of heterogeneity in preferences, is intended to be captured.
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S Empirical strategy

The objective of the empirical strategy is to measure the relationship between heterogeneity in
preferences and student segregation across schools of different quality. The first step to achieve
this goal is to estimate the set of parameters S representing the determinants of student utility for
schools in U;(j) = BX;; + €;. For this, the behavioral model explained in the previous section
will be assumed, and a Bayesian estimation procedure based on McCulloch and Rossi (1994) will
be performed. Secondly, counterfactual scenarios are constructed in order to measure changes
in segregation and its relationship with heterogeneity in preferences. The estimation procedure
for preferences is explained in detail below, followed by the assumptions of identification. Then,

the construction of counterfactual scenarios and the measurement of segregation are detailed.

5.1 Estimation Procedure

Firstly, utility is considered as a latent variable that results in the binary decision to choose a
center in a certain choice set. McCulloch and Rossi (ibid.) establishes that given the Probit
structure of the model (in particular, the joint normal distribution of the error in utility of each
option), samples can be drawn from the posterior distribution of the set of parameters of interest,
p(B | data) using the conditional posterior distributions p(U | B, data) and p(B | U, data),
where in the context of this work the data are the rankings submitted by families. They also
demonstrate that by taking certain general priors on the model parameters, these posterior
distributions have known shapes with which Bayesian inference can be conducted. The use of
the posterior distribution of the latent variable, in this case utility, is what is known as Data
Augmentation.

For parameter estimation, the Gibbs Sampling algorithm is used. The algorithm begins by

taking arbitrary values of the parameters 5 and then follows these steps:

1. For each student i, draw a sample U;(j) from p(U;(j) | B,Ui(j’),data) = N(X;;8, 1)

truncated to [Ql.(j),U,-(j)].
2. Draw a sample of S8 from p(8 | U, data) = N(b, (XX)~!) with b = (XX)"'X'U.

3. Repeat steps 1 and 2 n times (where n is the number of iterations).
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The parameter samples 5 drawn at each iteration form Markov Chains (one for each param-
eter), and the average of each chain is asymptotically equivalent to the maximum likelihood
estimator (Van der Vaart 2000). It is necessary to define the quantity »n of iterations of the Gibbs
sampler and the number of iterations to discard to eliminate iterations in which the chains are
converging (burn-in). Additionally, since successive simulations of each parameter are corre-
lated with each other, it is common practice to save 1 out of every ¢ simulations for estimation
(thinning).

Estimation requires defining the truncations of the posterior distribution of utilities. The
truncations reflect the rankings of each student in light of the assumed strategic behavior, as
described in the previous section. Formally, for students assumed to be WTT, the truncations

are:

+00 if rk;(j)=1
Ui()) = Sminper {UGY) < rki(G7) < rka()} if rki(j) > 1
minj e AU (j')} if rki(j)=0
maxjrer AU (J) : rki(j') > rki(j)} if rki(j)<3
U,(J) = Ymax g, {U:(j")} if rki(j) =3

—oo if rki(j)=0

For students assumed to have undominated strategies, the truncations are:

. +00 if rk;(j)e{1,0}
Ui(j) = 4
minj e AU;(j') :rki(j') < rki(j)} if rki(j)>1

oo it rki(j) € {3,0)
Q,(]) =

maxjper AUi(J') s rki(j') > rki()} if rki(j) <3

These truncations represent the preference relationships that can be inferred from the rankings
as described in Equation (2). For example, considering the case of students for whom WTT

is assumed, if an option is ranked first by a student, the upper limit of the utility it provides
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is infinite because it is not forced to be lower than the utility of any other option. For options
ranked second and third, the utility value is limited to the utility of the option ranked higher.
For unranked options, the utility can be at most the utility reported by the third option, as it is
assumed that all unranked options are worse than ranked ones. The interpretation of the rest of
the truncations is analogous.

The procedure was carried out using a modified version of the stabest package developed by
Ortega, Klein, and Aue (2020) for the free software R. In the case of Ortega, Klein, and Aue
(ibid.), the preferences of schools for students are also estimated. A new version of the package
was developed based on the original C++ and R code in order to estimate only the preferences

of students.

5.2 Model Specification

Model specification requires, in broad terms, two definitions: which variables to include in the
matrix X;; and the choice sets for each student.

Characteristics included in the model. The model allows for the inclusion of characteristics
of the schools and interactions between these characteristics and student characteristics. Schools’
characteristics will be necessary to estimate parents’ elasticities towards them, and the inclusion
of interactions with student characteristics allows for introducing heterogeneity in the model to
understand differences in preferences among different types of students. Usually, studies that
introduce this type of heterogeneity interact school characteristics with a variable indicating
minority groups. Interactions between schools’ characteristics and a binary variable identifying
students receiving TUS ® will be included.

Distance and some measure of school quality are the most commonly included characteristics
in these models. In this paper, the distance from the school to the student’s home is included, as
well as 4 groups of characteristics detailed below.

First, characteristics are included that attempt to capture the center’s ability to generate
positive educational outcomes for its students. In the case of Uruguay, it is difficult to obtain

measures of the effect of schools on educational outcomes. However, Abdulkadiroglu, Pathak,

8 As a robustness exercise, estimates are included in Annex A.4 taking cutoff values for the vulnerability index
and double TUS ownership to identify vulnerable students.
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et al. (2020) finds that parents do not consider sophisticated measures such as teacher value-
added, but rather give more importance to the average results of the school. In this sense, the
percentage of approved students and the percentage of student disengagement are included. The
approval percentage for 2021 and the average disengagement percentage between 2021 and 2022
are considered °.

Secondly, I include a set of variables associated with school resources: the percentage of
teachers with a tenured position in the school, the number of students per teacher, and student
enrollment. Since tenured teachers must remain at the school and compete to transfer, it is
intended to capture the stability of the teaching staff. The presence of tenured teachers could
also reflect unobserved characteristics that are taken into account by teachers when choosing a
school to have their tenured position. Additionally, the number of tenured positions reflects the
school’s budget. The number of students per teacher has an inverse relationship with quality and
is a reflection of the school’s per-student budget, given the weight of teacher salaries. Student
enrollment seeks to control preferences for larger centers. From this set of variables, the average
for 2021 and 2022 is considered, in order to take a more stable measure than a single year.

Itis hard to belive that families are precisely aware of these variables, even though educational
outcomes data are publicly available on the ANEP website. Their inclusion in the model does
not imply assuming that families know them, but rather aims to capture families’ expectations
about school quality. Therefore, school quality must be sufficiently stable over time for families
to have a formed idea about it. Since it is intended for the model variables to be correlated with
this characteristic, it is necessary for them to also be stable over time. An analysis of the stability
over time of the characteristics is presented in Annex A.2.

Even if the model variables are correlated with school quality, it is assumed that families make
decisions based on the information they have about quality, but realizations of the characteristics
are included in the estimation. If the difference between families’ expectatives and the actual
values of these characteristics is random among families, this problem can be interpreted as

measurement error in the model variables and the estimates will have attenuation bias. However,

9Approval data is not available for 2022, and in the case of traditional middle schools, data is available from
2020. It was decided to rule out 2020 data due to the particularities of schooling in the context of the COVID-19
pandemic
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the level of information available to families could be correlated with their characteristics, for
example, with their level of vulnerability (as seen in Hastings and Weinstein (2008), for example).
In this sense, the preferences estimated for the group of vulnerable students could be lower than
those of the rest for three reasons that cannot be distinguished in this work: because they
have less information about school quality, and therefore assign less value to the associated
characteristics; because they have incorrect information and overestimate the quality of the
schools they choose; and because they effectively have a lower valuation of quality, even when
they have correct information. This is an important limitation of the estimation approach, which
could be overcome in future work by deliberately intervening in families’ information.

Thirdly, the number of murders and thefts reported within a 1-kilometer radius is included to
control for safety in the vicinity of the schools. Finally, the composition of peers is incorporated
using the percentage of students receiving TUS among those assigned to the center. Itis expected
that if there are preferences for peers from the same socioeconomic context, this variable will
have a negative coefficient for students who do not receive TUS and a positive coeflicient for
those who do.

Distances and definition of the choice set.

Model estimation requires defining the choice set for each student. Although the mechanism
allows all students to choose any school in the country, defining such wide choice sets for all
students is problematic in computational terms. Furthermore, doing so would imply assuming
that parents process information from every school in the country and can rank them according
to their preferences. In reality, agents face search costs and have limited capacity to process
information about all possible options. Kapor, Neilson, and Zimmerman (2016), for example,
conducted a survey of families participating in centralized high school enrollment in New Haven,
where students could enroll in 12 schools, and found that only one-fifth of participants considered
all of them, while one-third considered fewer than 6.

Table 10 shows the number of schools available to students near their homes. Montevideo
students have a greater nearby offer, with students from the rest of the country having very few
alternatives nearby in some cases. This is relevant since the identification of preferences of

students with few options available is lower and it is likely that their preferences are not well
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represented by average estimates. When considering students receiving TUS, it is also observed

that they tend to have fewer options.

Table 11: Close schools

Total Montevideo  Rest of the country Without TUS  With TUS
<20km
Schools 14 [5-99] 104 [99-109] 9 [4-15] 21 [7-102] 11 [5-98]
Tech. 4 [2-31] 33 [31-35] 3 [2-5] 7 [2-32] 4 [2-31]
Trad. 10 [3-68] 71 [68-75] 6 [2-10] 13 [4-70] 8 [3-67]
<10km
Schools 9 [4-48] 64 [52-69] 6 [3-10] 11 [5-52] 9 [4-45]
Tech. 3[1-14] 18 [15-20] 2 [1-3] 4 [2-16] 3[1-14]
Trad. 6 [2-34] 45 [37-49] 3 [2-7] 7 [3-37] 6 [2-31
<Skm
Schools 6 [3-12] 22 [15-28] 4 [2-7] 7 [4-15] 6 [3-11]
Tech. 2 [1-4] 7 [4-8] 2 [1-2] 2 [1-5] 2 [1-4]
Trad. 4 [2-8] 16 [10-20] 3 [1-5] 5[2-10] 4 [2-7]
Choice set
Schools 13 [10-57] 64 [52-71] 10 [10-14] 15[10-59] 12 [10-56]
Tech. 5 [3-16] 18 [14-21] 4 [3-5] 5[3-17] 5 [3-16]
Trad. 8 [7-40] 46 [37-50] 7 [6-9] 10 [7-41] 8 [7-40]

Median [25%-75%]. Own elaboration based on ANEP data.

Taking this information into account, the choice sets were defined in two steps. First, schools

are filtered by department. All schools in the same department as the student or that any of the

options ranked by the student are included.

In the second step, for each student, the maximum between 10 kilometers and the farthest

distance to a ranked school is calculated. All schools that are further than this distance are

eliminated. The maximum distance to any ranked school is used as an indicator of the student’s

willingness to travel, as it did not cause them to disregard such school. In case the resulting set

has fewer than 10 options, the closest options are added without considering the distance limit

(although they must meet the requirement of being in the same department). As a robustness

exercise, estimates presented in Annex A.4 stablish choice sets using only the first step. Also,

estimates that do not consider students who do not have nearby centers available are presented.

In addition to defining the choice sets, it is necessary to define the outside option. The
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outside option is the alternative of not choosing any of the options in the choice set, and discrete
choice models require defining the utility that this option provides. The enrollment mechanism
is designed to apply to public schools, so it is not possible to include private schools in the model
or identify parents’ preferences for these centers. However, it is likely that parents do consider
them at some extent. Formally, for each student i who does not receive TUS, it is assumed that
the outside option provides utility U;(0) = 0. For students who receive TUS, the outside option
provides the same utility as the worst ranked public center. The utility of the outside option is
assumed to be known with certainty by the student. It is important to note that, unlike the other
options, there is no uncertainty regarding the utility that the outside option provides.

In addition to defining the choice sets, it is also necessary to define the outside option. The
outside option is the alternative of not choosing any of the options in the choice set, and discrete
choice models require defining the utility provided by this option. The enrollment mechanism is
designed to apply to public schools, so it is not possible to include private schools in the model
or identify parents’ preferences for these schools. However, it is reasonable to assume that
their presence may play a role in parents’ choices. In particular, if it is observed that families
have different possibilities of accessing a private school, they would have different outside
options, and the estimation would become more complex. Since the results of enrollment are
disclosed in December and enrollments in private schools usually occur before that date, it will
be assumed that families’ decisions occur in two stages. It is assumed that families who submit
their enrollment to public schools have already ruled out the option of attending a private one,
and these do not play any role in estimating preferences. In this sense, the parameters estimated
by the model will be representative of families opting for the public middle education system.
This approach simplifies the definition of the outside option, as once families have ruled out the
option of attending a private school, the alternative to attending a public center is not attending

any middle school, and a utility of O will be assumed.

5.3 Identification and interpretation of the parameters.

The central assumption in estimating preferences is that families report their preferences in the

rankings as explicitly stated in the behavioral model presented. While it has been shown that

33



the incentives of the algorithm and the results of previous years’ assignments support the Weak
Truth-Telling (WTT) hypothesis for most students, the fact that they have no information about
the algorithm is a limitation of this work. It could happen that families form incorrect beliefs
about their probability of assignment and discard preferred options even though they would have
had chances of admission if ranked. This limitation may be overcome in subsequent work that
somehow incorporates the information available to families (as done, for example, in Kapor,
Neilson, and Zimmerman (2016)). In case this assumption does not hold and families indeed
incorporate their expectation about the probability of assignment, the estimates will not capture
real preferences.

Secondly, it is assumed that families have formed expectations about schools’ quality, al-
though the interpretation of the results does not assume that all families have complete informa-
tion. As explained, it is assumed that these expectations are correlated with the actual quality,
and the latter with the variables included in the model. The evidence supporting this assumption
is that the considered variables are stable over time, as shown in Annex A.2.

The usual assumptions of discrete choice models must also be considered. Train (2009)
summarizes the main characteristics of identification in Probit models in 2 central points. First,
only differences in utility matter, since adding a constant to the utility of all available alternatives
does not alter agents’ decisions or the estimation of preferences. On the other hand, agents’
decisions also do not change if the utility of all alternatives is multiplied by a constant, so the
scale of utility is irrelevant. This means that parameters affecting the scale or level of utility
cannot be identified simply because they do not influence the observed decision. In practical
terms, characteristics that do not vary between alternatives cannot be included in the model, such
as student characteristics not interacting with schools’ characteristics. Additionally, it becomes
relevant that there is variation in the characteristics in the choice set of students'®.

Furthermore, the interpretation of the estimated parameters requires defining a normalization
of the utility scale. This is achieved by assuming a certain structure in the error term. In this
work, following Ortega, Klein, and Aue (2020), it is assumed that the error is centered at 0 and

has unit variance.

10 Annex A.2 presents descriptive statistics in this regard.
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In the context of school choice, the coeflicient of distance is often used as the utility numeraire
(Agarwal, Somaini, et al. 2021). Thus, parameters can be interpreted as the contribution of
each characteristic to utility in terms of willingness to travel. However, this approach implies
assuming that distance is exogenous once conditioned on the remaining characteristics included
in the model. The possibility of residential sorting is a central aspect and is discussed in all
works using distance as the numeraire. If families systematically choose to live near preferred
schools due to unobservable reasons not controlled by variables included in the model, distance
ceases to be exogenous and the value of being assigned to a nearby center is likely underestimated
(Hastings, Kane, and Staiger (2005) and Abdulkadiroglu, Agarwal, and Pathak (2017)). In this
work, distance exogeneity is assumed using the argument of Neilson (2021), based on the fact
that residential location does not determine available options or priority in assignment, as is the
case in Uruguay.

It is important to note that the identification of utility depends on the fulfillment of behavioral
assumptions, and its interpretation in terms of welfare measured in distance terms depends on
the exogeneity assumption of distance. However, it is not necessary to assume that the rest of the
characteristics included in the model are exogenous if they are not given a causal interpretation.
Agarwal, Somaini, et al. (2021) points out that the endogeneity of these variables could introduce
biases in constructing counterfactual scenarios that alter the assignment if the assignment of
characteristics depends on student assignment. This limitation must be taken into account in
the interpretation of the counterfactual scenarios constructed in this work. It is expected that
approval and disengagement rates would change if the student assignment is altered. On the
other hand, tenured teachers could react to composition changes and attempt to change school
if they have preferences regarding student composition. The interpretation of counterfactual

scenarios in light of this condition is discussed in the next section.

5.4 Counterfactual Scenarios

To analyze the effects of preference heterogeneity on segregation, student assignments are com-
pared in three alternative scenarios. Segregation is measured by the proportion of students from

each vulnerability group assigned to each quartile of quality of the considered characteristics.
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This reflects to what extent each group accesses schools of different quality levels. There would
be no segregation if the share of students from each vulnerability group within each quality
quartile were identical to the share of student groups in the population. This measure is ana-
lyzed graphically and using the Mutual Information Index (M) (Theil and Finizza 1971). In the
context of this work, M measures how much the composition by vulnerability groups within the
quality quartiles deviates from the composition of the total population. A higher level of the
index indicates a higher level of segregation.

The first scenario is the assignment of students to the nearest school with available seats
without considering their preferences. For its construction, the assignment was simulated using
the ANEP algorithm but replacing declared preferences with a ranking based on proximity to
the schools. That is, it is assumed that each student ranks the schools only based on proximity.
Thus, the first school in the ranking is the nearest. This scenario is taken as a benchmark in
which segregation is fundamentally associated with the geographical distribution of students
and schools. Since the same algorithm and the same prioritization of students according to
the vulnerability index are used, the only change from this scenario with respect to the actual
assignment is that families’ preferences are not taken into account.

The second scenario is the assignment that actually occurred in 2022, considering families’
preferences expressed in the rankings and assigning students with the ANEP mechanism.

The last scenario imposes the preferences for quality of the non-vulnerable group on the
vulnerable students. In particular, preferences for percentage of tenured teachers, students per
teacher, enrollment, approval rate, and disengagement rate of students not receiving TUS are
imputed to students receiving TUS. The first step in constructing this scenario is to obtain the
rankings that families receiving TUS would send with the new imputed preferences. Following
Ortega, Klein, and Aue (2020), the utility of each student for each school in their choice set is
calculated using schools’ characteristics and the new preferences, adding a particular simulation
of the error term. The simulated error incorporates each student’s particular taste for each
school and ensures compliance with the conditions imposed by equation (2). For example, this
term could capture the presence of siblings or proximity to a family member’s workplace. In

this counterfactual scenario, it is assumed that this unobservable valuation remains unchanged.
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Thus, the estimated utility for vulnerable group student i to be assigned to school j is:

Ui(j) = Xij X Bey + &;

Where §;; is a simulation of the error term of student i’s valuation for school j, and Be risavector
of parameters that for quality-related characteristics takes the average estimate for students not
receiving TUS, and for the rest of the characteristics takes the average estimate for students
receiving TUS. Once the valuation of each student for each school in their choice set with
the new imposed preferences is obtained, the rankings that would be sent given that ordering
are generated assuming that they would not have any strategic behavior, and the assignment
is simulated by running the algorithm used by ANEP again'!. To simulate the counterfactual
assignment, students that were not considered for preference estimation (students aged 15 or
older, students from special schools, students who did not rank any of the considered schools,
and students assigned to private schools) are incorporated again to avoid artificially increasing
the number of available seats in the system. For these students, their original rankings were
used.

A first goal of comparing scenarios is to evaluate the effect of introducing a mechanism that
takes preferences into account on segregation compared to the segregation benchmark already
existing due to residential segregation. For this, it is sufficient to compare the first and second
scenarios. Secondly, comparing the second and third scenarios allows measuring the effect of
preference heterogeneity on segregation in the context of the currently used mechanism. Lastly,
it is of interest to evaluate whether the introduction of the algorithm accompanied by preference
homogenization manages to reverse the effect of residential segregation, for which the first and
third scenarios are compared.

The analysis of access to quality schools in the counterfactual assignments requires some
caution. As mentioned in the previous section, the three variables considered to measure school
quality could depend on student assignment. It could happen that homogenizing preferences
increases the number of vulnerable students in a school with good approval and disengagement

results, reducing quality segregation. However, the change in composition itself could affect

"'"The algorithm used is a Matlab replica based on the code used by ANEP.
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educational outcomes in the next period, so the final effect on segregation is uncertain. The
argument claimed in this paper is that in the next period, new results will be known to students
entering middle education. Then, their preferences will determine the level of segregation
in terms of those new results. Ultimately, the aim is to measure the effect of preference
heterogeneity on segregation generated at the time of assignment in each period. In any case,
estimated effects should not be taken as equilibrium results. Obtaining them would require
expanding the model of this work in at least two dimensions. On the one hand, changes in
demand could generate competitive pressures that raise schools’ productivity (Hoxby (2003),
Neilson (2021), and Hanushek and Rivkin (2003)). To understand these effects, it is necessary
to incorporate a model of the supply for schools. On the other hand, families’ choice between
public and private schools should be incorporated into the model. It is possible that equilibrium

results imply that some families opt for private schools, as found by Epple, Jha, and Sieg (2018).
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6 Results

6.1 Heterogeneity in Preferences

Table 11 presents the results of preference estimation, letting the Gibbs Sampler run for 500,000
iterations, with a burn-in period of 250,000 iterations, and taking every 250th draw to re-
duce serial correlation'?. The Tech. coefficient represents how many kilometers, on average,
students are willing to travel to switch from being assigned to a traditional school to a technical-
professional school. For the rest of the characteristics, the coeflicients represent the willingness
to travel in order to be assigned to a school that is in the 90th percentile of the distribution instead

of one that is in the 10th percentile of the characteristic associated with the coefficient.

12 Annex A.3 provides a convergence analysis of the estimation.
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Table 12: Estimated preferences by group

Without TUS With TUS Difference
(1) (2) 3)
Toch 0.9 2.88 1,98
' [0.29 : 1,51] [2,03 :3.7] [0.94 : 3,04]
Tenured 12,68 773 -4.95
[11,82:13,55] [6,31:9,01]  [-6.6:-3.5]
-5.56 422 1,34
Resources  Sw/Tea. | 651,495]  [-51;-329]  [0,37;247)
Erollment 24.15 25.01 0.86
[23.36:24.97] [23.8:26.12] [-0.49 :2.15]
Aoorovals 9,38 6,59 22,79
Resuls PP (8,77 : 10] [5.82:7.46] [-3.84:-1,86]
4 Disen 6,31 0.6 6.92
& [-6.86:-5,78]  [-0.1:1,34] [6.06 : 7.8]
Pecrs 3,51 11,56 15.07
[-421:-2.8] [10.55:12,56] [13.85:16.25]
Murders -2.95 _1.44 1,51
[-337:-255] [-1.97:-0.94] [0.83:2.14]
-4.04 -8 3,95
Thefts [-4.45:-3.63] [-875:-728] [-4.75:-3.14]

95% credibility intervals in straight parentheses. Tech. is adummy indicating technical
track schools. Tenured is the percentaje of Tenured teachers. Stu./Tea. is the amount
of students per teacher. Aprovals is the approval rate and Diseng. is the disengagement
rate. All of these variables are the 2021-2022 mean at the school level (except approval
rate which is for 2022). Peers is the percentaje of assigned students with TUS. Muerders
and Thefts are measured in a 1-kilometer radius for 2022. Estimated coefficients report
willingness to travel for being assigned to a school situated in the 90th percentile instead
of the 10th percentile of the associated characteristic. Own elaboration based on ANEP

and MI data.

The results show that, with a 95% probability'3, all included variables are valued by both
groups of students, except for the disengagement rate, which is not considered by students
receiving TUS. First, families negatively value schools that are farther away, as the distance
coeflicient is negative (the coeflicient is not presented in the table because it is the denominator
of the rest of the coefficients). Families, on average, prefer technical-professional schools,
positively value the presence of tenured teachers, the size of centers in terms of enrollment,

and the approval rate. At the same time, they negatively value the student-teacher ratio, the

13 As Bayesian econometrics does not adopt a frequentist approach to probability, the p-value is not used to define
the statistical significance of the estimations. Alternatively, credibility intervals are constructed using the estimated
posterior distribution. Table 11 provides intervals that contain the true parameter with a 95% probability.
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disengagement rate (except for those receiving TUS, who do not consider it), and crime measures
in the vecinity. Both groups positively value the presence of students of their own background in
the school, with the percentage of TUS-assigned students at the school being negatively valued
by families without TUS and positively valued by families with TUS. As expected, characteristics
associated with schools’ quality are positively valued.

Additionally, all variables except enrollment are valued differently by students in both groups.
In particular, students receiving TUS assign less value to all quality-associated characteristics.
This is consistent with the hypothesis that the most vulnerable students may not have access to the
same information about school quality or its importance for educational trajectories and returns
to education. However, the estimation does not distinguish between these effects. Additionally,
students receiving TUS value the technical-professional track more.

Table 19 in Annex A.4 presents estimations of preferences with alternative definitions of vul-
nerable and non-vulnerable groups. Beyond providing robustness to the result that preferences
are heterogeneous between groups, these estimations also offer some insights into the mecha-
nisms explaining these differences. Consistent with Melo and Machado (2018), the valuation of
technical-professional schools is even greater when students are grouped using vulnerability in-
dex cutoffs, which also increase with negative educational outcomes. However, the difference is
not greater when considering students receiving double TUS instead of TUS, suggesting that the
differential preference for technical-professional track seems to be more associated with worse
previous educational outcomes than the intensity of poverty. On the other hand, the gap in the
valuation of educational outcomes (approval and disengagement rates) increases with all three
alternative vulnerability definitions, but the largest gap is observed when considering students
with high levels of the vulnerability index. This suggests that the lower valuation is associated
with the intensity of poverty but to a greater extent with the student’s poorer previous outcomes.
The difference in the valuation of the percentage of tenured teachers is also greater when consid-
ering the vulnerability index or receiving double TUS, but without distinction between different
cutoffs.

The heterogeneity identified in preferences is also robust to modifying the definition of

the choice set, including school fixed effects, excluding students without nearby schools from
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consideration, or allowing heterogeneity in the valuation of distance. All these robustness

exercises are detailed in Annex A .4.

6.2 Segregation

Table 12 shows the segregation index calculated in the assignment in the proximity assignment
scenario, which only considers distances and does not take preferences into account, and its
variation in the two scenarios where the assignment takes preferences into account'. Column
2 shows that with the introduction of the ANEP assignment algorithm, segregation increases
significantly at a 95% confidence level in all three characteristics considered. In the case
of segregation in quartiles of approval rates and disengagement, segregation doubles. This
increase in segregation is associated with the fact that family preferences are taken into account
in a context where they are heterogeneous. This result suggests that there is a set of schools
that have both vulnerable and non-vulnerable students in their proximity. When the assignment
considers only proximity, these schools receive both vulnerable and non-vulnerable students.
When preferences are taken into account, segregation levels increase. The mechanism behind
this increase can be seen in Table 13. Non-vulnerable students take advantage of the algorithm
to express their preferences for quality and move to better schools, leaving their nearby school
if it is of poor quality. Their assignment increases in schools in the highest quartile in all three
characteristics while decreasing in schools of poorer quality. Meanwhile, vulnerable students

continue to choose nearby schools similar to what they would get in proximity-based assignment.

14Graphical changes in the assignment are presented in Annex A 4.
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Table 13: Distance assignment segregation benchmark and variation when consid-
ering preferences (M Index)

Distance assignment Heterogeneous prefs. Homogeneous prefs.

ey 2) 3)
Tenured 0,019 0,005 -0,002
[0,017;0,021] [0,002;0,008] [-0,004;0,001]
Approvals 0,004 0,004 0,000
[0,003;0,005] [0,002;0,006] [-0,002;0,001]
Diseng. 0,008 0,008 0,000
[0,006;0,009] [0,006;0,01] [-0,002;0,002]

95% confidence intervals were constructed using 5000 bootstrap iterations and are reported
in straight parenthesis. Columns 2 and 3 present the index variation with regard to column
1. Own elaboration based on ANEP and MI data.

Table 14: Assignment variation with regard to distance assignment benchmark

Heterogeneous preferences Homogeneous preferences
Ql Q2 Q3 Q4 Q1 Q2 Q3 4
Tenured
Double TUS -52 37 29 -14 -135  -156 79 212
TUS 7 38 -115 70 -20 -38 -85 143
AFAM-PE -88 45 -210 345 -102 -2 241 347
Without SP -49 378 -167 599 -24 -325 -135 490
Total -182 -348 -463 1.000 -281 -521 -382 1.192
Approvals
Double TUS 37 48 146 -231 -218 39 242 -63
TUS -1 55 21 -75 -75 21 42 12
AFAM-PE 304 149  -25 182 -286 129 -34 193
Without SP  -515 -171 196 495 -421 -85 154 358
Total =783 81 338 371 -1.000 104 404 500
Disengagement
Double TUS -50 62 222 234 -309 24 230 55
TUS -45 55 134 -144 -126 2 122 2
AFAM-PE 200 -168 279 91 -142  -141 207 78
Without SP 423 -303 -111 842 -320  -177 -174 677
Total 718 -354 524 555 -897 292 385 812

Reported values are the number of assigned students in the distance assignment bench-
mark scenario minus the number of assigned students when considering heterogeneous
or homogeneous preferences. Own elaboration based on ANEP data.

On the other hand, column 3 of Table 12 shows that once homogeneous preferences are

imposed for characteristics associated with school quality, the introduction of the algorithm
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neither exacerbates nor reduces segregation associated with the residential location of students
and schools. Heterogeneity in preferences for the rest of the characteristics (presence of students
from the same vulnerability group, crime nearby, and educational track) does not seem to
play arole in the segregation introduced when considering family preferences in the assignment
mechanism. These characteristics may be more salient to families than characteristics associated
with educational quality. This is an interesting aspect, given that the preferences that introduce
segregation are those that could be associated with the lack of information of the most vulnerable
families.

Although the consideration of preferences does not alter segregation if preferences for quality
are homogeneous among families, it does have an effect on the absolute proportion of students
assigned to higher-quality schools, as observed in Table 13. When vulnerable students are
imposed the preferences for quality of the rest, they behave similarly to non-vulnerable students
and leave lower-quality schools to choose better ones. In short, if preferences for quality are
homogeneous across groups, the introduction of a mechanism that takes them into account
improves the efficiency of the system, in the sense that available slots in higher-quality schools
are utilized, and a transfer of students from lower-quality schools to them is observed. On
the other hand, it also entails costs for some non-vulnerable students who are assigned to a
lower-quality school.

However, even in the scenario where preferences for quality are homogeneous, prioritizing
of the will of the most vulnerable students that exists in the ANEP algorithm does not reduce the
segregation associated with where students live. This indicates that families value the proximity
of schools and therefore giving the most vulnerable families the freedom to choose is not enough
to guarantee equal access to quality schools, even when they value this characteristic to the same

extent as other students.

6.3 Dynamics of Changes

The increase in segregation when considering heterogeneous preferences of families indicates
that there are schools with different levels of quality that have vulnerable and non-vulnerable

students in their proximity. When the assignment is made considering only proximity, both
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groups are assigned to these schools in similar proportions. However, when students can choose
according to their preferences, less vulnerable students leave low-quality schools and choose
higher-quality schools more than vulnerable students, increasing segregation in the system.
Below are two real examples demonstrating this dynamic, referred to as A and B.

Case A: alow quality school. School A in Montevideo is among the 25% of schools with the
lowest percentage of tenured teachers, the lowest approval rate, and the highest disengagement
rate. If we consider a 5-kilometer radius around the school, there are 3,690 students who
participated in the enrollment system, 42% of which receive TUS. When assignment is made
considering only proximity, 44% of the assigned students receive TUS. This proportion increases
to 50% of students when preferences are taken into account at the time of assignment, and
these preferences are heterogeneous. In this scenario, the school has an over representation of
vulnerable students even in the area where it is located. As shown in Figure 6, the increase in
this proportion is explained by the fact that the number of non-vulnerable students choosing the
school decreases more than the number of vulnerable students. When homogeneous preferences
for quality are imposed, participation of students receiving TUS among the assigned drops to
41%. This proportion is only a result of the participation of vulnerable students in the vicinity of
the school, i.e., the introduction of preferences does not imply an additional level of segregation
beyond what is explained by the residential location of students. Finally, the imposition of
homogeneous preferences instead of heterogeneous ones implies a 30% reduction in the total
enrollment of this school. In total, 17% of the centers across the country show this same

dynamic.
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Figure 6: Assignment to a high school with low values in quality indicators

The colored circles show the rest of the students participating in the enrollment according to their
vulnerability group. Own elaboration based on ANEP data.
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Case B: a high quality school. School B in Montevideo shows the opposite dynamic. It
belongs to the highest quartile of the three quality indicators considered. It is located in a less
vulnerable area, with 27% of the 4,183 students living within a 5-kilometer radius receiving
TUS. The assignment by proximity results in an under-representation of these students, with
only 13% of the assigned students receiving TUS. When preferences are taken into account for
the assignment, segregation is exacerbated, with the percentage of students with TUS assigned
to this school decreasing to 9%. As shown in Figure 7, this mainly results from a higher number
of non-vulnerable students choosing this school because of its higher quality. When preferences
for quality are homogeneous, the number of students with TUS choosing the school increases.
Additionally, as the school is at full capacity, vulnerable students choosing it displace some
non-vulnerable students since they are prioritized by the assignment mechanism. This results in
a higher participation of vulnerable students, reaching 16%. In total, 6% of the schools in the

country exhibit the same behavior.

Figure 7: Assignment to a high school with high values in quality indicators

The colored circles show the rest of the students participating in the enrollment according to their
vulnerability group. Own elaboration based on ANEP data.
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7 Conclusion

This paper provides an initial exploration into family preferences for schools in the uruguayan
public middle education system and how these preferences relate to unequal access to quality
schools. Given the authorities’ strong focus on increasing middle school completion rates,
understanding how the school choice policy impact access to quality education is crucial.
The current policy, which prioritizes at-risk students even at the expense of better-performing
students, highlights the need to evaluate its effectiveness in providing equitable access to quality
schools. This paper reveals that preference’s heterogeneity may lead to unintended consequences.

A structural demand model was developed using rankings submitted by families at en-
rollment. The model relies on theoretical properties of the assignment algorithm, facilitating
straightforward estimation from these rankings. Parameter estimation was performed using a
Gibbs Sampler within a Bayesian Data Augmentation framework.

The estimated preferences indicate that the most vulnerable families place less importance on
school characteristics related to educational quality. This result is robust to various definitions
of the vulnerable group, choice sets, and samples, as well as to accounting for center fixed
effects and heterogeneous distance valuation. Additionally, it was shown that this heterogeneity
leads the assignment mechanism to exacerbate segregation associated with residential sorting.
The mechanism behind this increase in segregation is that non-vulnerable students express their
preferences and choose higher-quality schools, while the assignment of vulnerable students
remains similar to a proximity-based mechanism. Lastly, counterfactual analysis reveals that if
vulnerable families valued school quality similarly to non-vulnerable families, access to high-
quality schools for vulnerable students would improve, and overall segregation would decrease.
However, residential segregation effects on access to school quality would not be counteracted.
Also, this change would come at a cost to some non-vulnerable students who would be displaced
to lower-quality schools than they currently attend.

These findings offer two key insights for policymakers. First, increasing the emphasis on
school quality among vulnerable families could enhance the effectiveness of the school choice
mechanism. If the lower valuation of quality among these families comes from informational

disparities, improving access to information about school quality and the benefits of education

48



could help achieve greater equity. Second, school choice alone may not sufficiently address res-
idential segregation’s impact on access to quality education. Efforts should focus on improving

the quality of schools in disadvantaged areas to better support vulnerable students.

49



References

Abdulkadiroglu, Atila, Parag A Pathak, et al. (2006). Changing the Boston school choice mech-
anism.

Abdulkadiroglu, Atila and Tayfun Sénmez (2013). “Matching markets: Theory and practice”.
In: Advances in Economics and Econometrics 1, pp. 3-47.

Abdulkadiroglu, Atila, Nikhil Agarwal, and Parag A Pathak (2017). “The welfare effects of
coordinated assignment: Evidence from the New York City high school match”. In: American
Economic Review 107.12, pp. 3635-3689.

Abdulkadiroglu, Atila, Parag A Pathak, et al. (2020). “Do parents value school effectiveness?”
In: American Economic Review 110.5, pp. 1502-39.

Abdulkadiroglu, Atila and Tayfun Sonmez (2003). “School choice: A mechanism design ap-
proach”. In: American economic review 93.3, pp. 729-747.

Agarwal, Nikhil and Paulo Somaini (2018). “Demand analysis using strategic reports: An
application to a school choice mechanism”. In: Econometrica 86.2, pp. 391-444.

— (2020). “Revealed preference analysis of school choice models”. In: Annual Review of
Economics 12, pp. 471-501.

Agarwal, Nikhil, Paulo Somaini, et al. (2021). “Empirical models of non-transferable utility
matching”. In: Online and Matching-Based Market Design.

Akerlof, George A (1970). “4. The market for ‘lemons’: quality uncertainty and the market
mechanism”. In: Market Failure or Success 66.

Allende, Claudia (2019). “Competition under social interactions and the design of education
policies”. In: Job Market Paper.

Berry, Steven, James Levinsohn, and Ariel Pakes (1995). “Automobile prices in market equilib-
rium”. In: Econometrica: Journal of the Econometric Society, pp. 841-890.

— (2004). “Differentiated products demand systems from a combination of micro and macro
data: The new car market”. In: Journal of political Economy 112.1, pp. 68—105.

Berry, Steven T and Philip A Haile (2021). “Foundations of demand estimation”. In: Handbook

of industrial organization. Vol. 4. 1. Elsevier, pp. 1-62.

50



Black, Sandra E (1999). “Do better schools matter? Parental valuation of elementary education”.
In: The quarterly journal of economics 114.2, pp. 577-599.

Black, Sandra E and Stephen Machin (2011). “Housing valuations of school performance”. In:
Handbook of the Economics of Education. Vol. 3. Elsevier, pp. 485-519.

Echenique, Federico and M Bumin Yenmez (2015). “How to control controlled school choice”.
In: American Economic Review 105.8, pp. 2679-94.

Epple, Dennis, Akshaya Jha, and Holger Sieg (2018). “The superintendent’s dilemma: Managing
school district capacity as parents vote with their feet”. In: Quantitative Economics 9.1,
pp- 483-520.

Escobar, Juan F and Leonel Huerta (2021). School choice and segregation. Tech. rep. Tech. rep.
mimeo.

Fack, Gabrielle, Julien Grenet, and Yinghua He (2019). “Beyond truth-telling: Preference es-
timation with centralized school choice and college admissions”. In: American Economic
Review 109.4, pp. 1486—-1529.

Gale, David and Lloyd S Shapley (1962). “College admissions and the stability of marriage”.
In: The American Mathematical Monthly 69.1, pp. 9-15.

Hanushek, Eric A, Victor Lavy, and Kohtaro Hitomi (2008). “Do students care about school
quality? Determinants of dropout behavior in developing countries”. In: Journal of Human
Capital 2.1, pp. 69-105.

Hanushek, Eric A and Steven G Rivkin (2003). “Does public school competition affect teacher
quality?” In: The economics of school choice. University of Chicago Press, pp. 23—48.

Hastings, Justine S, Thomas J Kane, and Douglas O Staiger (2005). Parental preferences and
school competition: Evidence from a public school choice program.

Hastings, Justine S and Jeffrey M Weinstein (2008). “Information, school choice, and academic
achievement: Evidence from two experiments”. In: The Quarterly journal of economics
123.4, pp. 1373-1414.

Hoxby, Caroline Minter (2003). “School choice and school productivity. Could school choice be
a tide that lifts all boats?” In: The economics of school choice. University of Chicago Press,

pp. 287-342.

51



INEEd (2023). Informe sobre el estado de la educacion en Uruguay 2021-2022.

Jensen, Robert (2010). “The (perceived) returns to education and the demand for schooling”. In:
The Quarterly Journal of Economics 125.2, pp. 515-548.

Kapor, Adam, Christopher Neilson, and Seth Zimmerman (2016). “Heterogeneous beliefs and
school choice”. In: American Economic Review.

Kojima, Fuhito (2012). “School choice: Impossibilities for affirmative action”. In: Games and
Economic Behavior 75.2, pp. 685-693.

Laverde, Mariana (2022). Distance to Schools and Equal Access in School Choice Systems.
Tech. rep.

McCulloch, Robert and Peter E Rossi (1994). “An exact likelihood analysis of the multinomial
probit model”. In: Journal of Econometrics 64.1-2, pp. 207-240.

McFadden, Daniel (1973). “Conditional logit analysis of qualitative choice behavior”. In.

Melo, Gioia de and Alina Machado (2018). “Educational trajectories. Evidence from Uruguay™.
In: International Journal of Educational Research 92, pp. 110-134.

Neilson, Christopher (2019). “The rise of centralized choice and assignment mechanisms in
education markets around the world”. In: Unpublished manuscript.

— (2021). Targeted Vouchers, Competition Among Schools, and the Academic Achievement of
Poor Students. Working Papers 2021-48. Princeton University. Economics Department.
Oosterbeek, Hessel, Sandor S6vagd, and Bas van der Klaauw (2021). “Preference heterogeneity

and school segregation”. In: Journal of Public Economics 197, p. 104400.

Ortega, Josue, Thilo Klein, and Robert Aue (2020). “What Happens when Separate and Unequal
School Districts Merge?” In.

Pathak, Parag A and Tayfun Sonmez (2008). “Leveling the playing field: Sincere and sophis-
ticated players in the Boston mechanism”. In: American Economic Review 98.4, pp. 1636—
52.

Theil, Henri and Anthony J Finizza (1971). “A note on the measurement of racial integration of
schools by means of informational concepts”. In.

Train, Kenneth E (2009). Discrete choice methods with simulation. Cambridge university press.

Van der Vaart, Aad W (2000). Asymptotic statistics. Vol. 3. Cambridge university press.

52



A Annex

A.1 Data Preparation

Student Characteristics. Information about students comes from the data they complete at
the time of pre-registration. This includes rankings, the default school, the assigned school,
and the step at which they were assigned. It also includes information about the primary
school they attended: socioeconomic quintile (according to ANEP classification) and the type
of school (special, full-time or extended, etc.). Regarding students, the vulnerability index and
its components (number of absences and final grade for the last three school years, if they receive
AFAM-PE, TUS, and/or double TUS), their age, gender, and address are available.

Students’ addresses, together with georeferenced information about schools provided by
ANEP, were used to calculate the distance from each student to each option. The georeferencing
of students from their addresses was carried out by Matias Faggetti as part of his master’s thesis.
I thank Matias for kindly making this data available for this project. Additionally, the coordinates
of 197 students without addresses in the original data were imputed. For cases where there were
other students from the same primary school (184), the coordinates were randomly taken from
another student from the same school. For the remaining 13 students, the coordinates of another
student from the same department who had marked the same first option were taken randomly.
With the coordinates, geodesic distances were calculated in R using the geosphere package.

Students’ rankings were edited to remove schools that are not considered (private schools,
non-formal education, and extra-age plans). Note that the assumptions made in the theoretical
model of behavior make this editing not affect the estimation of parameters. The procedure only
assumes that the options remaining in the edited ranking are better than the options that are not
ranked. It is assumed that this relationship is independent of having ranked options that are not
considered in this analysis.

Out of a total of 37,259 students considered, 115 students have some missing data. The
procedure used does not allow for the inclusion of missing data. In particular, 112 students
have no information about the social welfare plans they receive, 3 students have no information

about absences, and 2 students have no information about their grades. These missing data were
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imputed using the predictive mean matching method from the mice package in the R software
van2011mice. The method looks for the most similar observation based on the observed
characteristics and imputes its value in the missing data. The procedure was carried out using
all observable characteristics of the students, including age, gender, primary school, type of
primary school, neighborhood, grades, and absences. The method performs simulations of the
imputation until the imputed value converges. Details of the procedure can be found in the
package documentation available online. Although this strategy introduces some measurement
error, following ortega2020happens, it is assumed that the benefit of incorporating these students
into the analysis is greater than the assumed cost. In particular, having all students is relevant
for the estimation of new counterfactual assignments.

school characteristics. Data on school characteristics mainly come from ANEP, although
they are recorded separately for traditional and technical-professional tracks. This data includes
information on outcomes and characteristics of the teaching staff. In the case of the traditional
track, original information is at the level of each school and is divided between information
about teachers and information about outcomes. For teachers, there is information from 2018 to
2022. If a teacher teaches more than one subject in the same school, they are counted once for
each subject they teach with a different grade. The information includes the number of weekly
hours in the school in 10-hour intervals, possession of a title, tenure/interim classification, and
grade, gender, and age in intervals. For outcomes, there is information from 2020, 2021, and
2022 (except for the percentage of approvals in 2022). The results can be disaggregated by each
year or the entire school. In the case of technical-professional track, teacher data is at the level
of each hourly assignment. That is, for a teacher in a school, there is one line for each group
they teach and also for other coordination tasks. The hours related to coordination tasks were
removed, and the same criterion as in traditional schools was used, counting one teacher for
each subject taught with a different grade. This data is available from 2015 to 2022 and includes
the number of hours, the nature of the position (tenured or interim), the date of appointment,
gender, and age. The original student data is available from 2015 to 2021 and is also at the level
of each student, so it was aggregated at the school level.

Out of a total of 403 schools considered, there are 15 for which there is no information on
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approvals and 7 for which there is no information on approvals or disengagement. Consistent
with the explanation for missing student data, the same imputation procedure was used using
observable characteristics such as teacher information and neighborhood, considering each track
separately.

To construct the variables measuring crime in the vicinity of schools, georeferenced data
on theft, robbery reports and murder records from the Ministerio del Interior (MI) were used.
These data are available at the level of each act between 2016 and 2022. The georeferencing of

schools was used to count the number of reports of each crime within a 1-kilometer radius.
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A.2 School characteristics

Variation in choice sets. As mentioned in Section ??, the estimation requires variation in the

characteristics within the students’ choice sets. To verify this, the standard deviation of each

characteristic within each student’s choice set was calculated.

Table 15: Standard deviation within choice set

Total Montevideo Rest of the country
Tenured 0,14 [0,06 - 0,14 - 0,21] 0,16 [0,08 - 0,17 - 0,18] 0,12 [0,06 - 0,12 - 0,21]
Stu./Tea. 1,84 10,61 - 1,84 -3,28] 1,83 [1,13-1,84-2,19] 1,85[0,61 - 1,84 - 3,28]
Enrollment 217 [50 - 223 - 321] 224 [178 - 224 - 294] 214 [50 - 218 - 321]
Approvals 0,13 0,04 - 0,13 -0,20] 0,14 [0,09 - 0,14 - 0,18] 0,12 [0,04 - 0,12 - 0,20]
Diseng. 0,04 [0,01 - 0,04 - 0,08] 0,04 [0,02 - 0,04 - 0,06] 0,04 [0,01 - 0,04 - 0,08]
Peers 0,17 [0,07 - 0,17 - 0,28] 0,22 [0,08 - 0,22 - 0,26] 0,15 [0,07 - 0,15 - 0,28]
Murders 1,54 10,00 - 1,25 - 3,80] 2,92 0,70 - 2,92 - 3,80] 0,94 [0,00 - 0,70 - 3,49]
Thefts 385 [17 - 247 - 908] 735 [90 - 772 - 908] 231 [17 - 212 - 864]

Mean [Min - Median - Max]. Own elaboration based on ANEP and MI data.

Table 14 shows that on average and in the median, all characteristics have variation within the
students’ choice sets. However, there are students for whom the proportion of tenured teachers,
approval and disengagement rates, and the number of murders vary little within their choice
set. Figure 8 shows that the number of students who do not have variation in the proportion of
tenured teachers, approval and disengagement rates is low, so it would not represent a substantive

threat to identification.
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Figure 8: Variation of characteristics in CS
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Own elaboration based on data from ANEP.

Stability of characteristics. The interpretation made in the model of the variables included
assumes that families have relatively precise expectations about the educational outcomes and
resources of the schools, which are correlated with the variables in the model. For this assumption
to hold, it is necessary for the included characteristics to be relatively stable over time. As it
is expected that the relative position of the schools in terms of the quality expected by families
does not change, it is important that the relative levels between the schools of the variables do
not change. Table 15 shows that the number of students per teacher varies very little within each
school for the period for which data is available. The proportion of tenured teachers and the

approval and disengagement rates do show changes over the period.
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Table 16: Characteristics variation within school (p.p.)

Min p25 Median Mean p75 Max

Approvals 0 2,3 6,2 8,8 12,8 57,3
Diseng. 0 1,8 3,5 4.6 59 23,7
Tenured 0 8,3 12,8 14,1 17,7 452
Stu./Tea. 0 03 0,6 0,7 1,0 5,3

Variation is computed as the difference between the maximum
and minimum value for the school between 2020-2022. Own
elaboration based on data from ANEP.

However, Figure 9 shows that most of this variation would be associated with general trends

of all schools. Most schools deviate from the average variation by less than 5 percentage points.

Figure 9: Variation over time of characteristics per school
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Own elaboration based on data from ANEP.
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A.3 Convergence diagnosis

The convergence of the MCMC was assessed through graphical analysis and analysis of the
Potential Scale Reduction Factor (PSRF) and Effective Sample Size (ESS). The PSRF gel-
manl992inference is a measure of how the estimated posterior distribution would change if
the number of iterations were infinitely increased. It is expected that if the chain has indeed
converged, this statistic will be close to 1. Although there is no rule, convergence hypothesis is
generally discarded if it is greater than 1.2. Table 16 shows that the estimation of the PSRF is
less than 1.2 for all parameters, although for the interaction of TUS with the approval rate and the
percentage of students with TUS, the confidence interval exceeds 1.2. This could be improved
by increasing the number of iterations in the procedure. On the other hand, the ESS is a measure
of the serial correlation of the simulations. Since successive simulations of the parameters in
the Markov chains are correlated, this statistic represents the number of independent simulations
equivalent to the simulations of the chain. Table 16 shows that the ESS is too low for some of
the estimated parameters. Finally, the graphs in Figure 10 show the final 1000 simulations of
each Markov chain used to estimate the parameters. No trend is observed, which supports the

convergence hypothesis.
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Table 17: Convergence statistics

PSRF C.I. upper bound ESS

Distance 1,00 1,00 556
Squared distance 1,00 1,00 235
Tech. 1,01 1,05 784
Tenured 1,00 1,00 478
Students per teacher 1,00 1,01 1001
Enrollment 1,00 1,01 1001
Approvals 1,00 1,00 149
Disengagement 1,00 1,00 476
Students with TUS 1,00 1,00 391
Murders 1,00 1,01 908
Thefts 1,00 1,00 1281
TUS * Tech. 1,00 1,00 1001
TUS * Tenured 1,00 1,01 475
TUS * Students per teacher 1,00 1,01 882
TUS * Enrollment 1,00 1,00 1001
TUS * Approvals 1,00 1,00 235
TUS * Disengagement 1,00 1,00 653
TUS * Students with TUS 1,00 1,00 396
TUS * Murders 1,01 1,05 1001
TUS * Thefts 1,00 1,00 1160

PSRF and ESS were estimated using R package coda.
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A.4 Robustness

Alternative estimations of preferences were conducted to provide greater robustness to the
presented results. Figure 11 shows the composition by groups of each quality quartile in the
different indicators resulting from the main estimations. First, estimations were made that expand
students’ choice sets, incorporating all options within their department and in the department
of any of their ranked choices (referred to as choice set B). The results are presented in Table
18. It is observed that the sign of all coefficients remains the same, except for the valuation of
technical-professional schools by students who do not receive TUS, whose credibility interval
includes 0. The differences between groups also remain. On the other hand, the magnitude
of almost all estimations is lower. This is a consequence of adding distant schools in the
choice set that are not ranked, the model interprets distance as more relevant. Since distance
is the numeraire of the coefficients presented, the magnitude decreases. Figure 12 shows the
counterfactual composition with homogeneous preferences by quartile of quality with alternative
estimations. The lower magnitude of the valuation of the characteristics attenuates the effect on
the composition.

Secondly, the model was estimated using fixed effects by school to capture unobservable
aspects not associated with the characteristics included in the model. The inclusion of fixed
effects makes it impossible to estimate the parameters associated with the characteristics of the
schools if they are not interacted with some characteristic that varies among the students. Thus,
schools’ characteristics were interacted with the dummy identifying students receiving TUS
to obtain a new estimation of the difference in valuation between the two groups of students.
Table 17 shows that even controlling for schools’ fixed effects, the differences in valuation of
each characteristic between both groups still exist with 95% probability with either choice set
definition, except for the number of students per teacher, whose probability interval includes O.
Estimations with fixed effects do not include the technical-professional school dummy because

it would be multicollinear with the fixed effects.
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Table 18: Preference heterogeneity between students receiving TUS or not

TUS difference TUS difference TUS difference
(1) 2 (3)
B CI 95% B CI 95% B CI 95%
Tech. 1,98 [0,94;3,04] - -

Tenured -4,95 [-6,6;-3,5] -6,14  [-7,66;-4,6] -3,30 [-4,17;-2,37]
Stu./Tea. 1,34 [0,37;2,47]  -1,07 [-2,29;0,08] -0,51 [-1,24;0,23]
Enrollment 0,86  [-0,49;2,15] 2,19 [0,78;3,58] 1,41 [0,63;2,28]
Approvals  -2,79 [-3,84;-1,86] -2,41 [-3,41;-1,43] -1,32  [-1,88;-0,7]

Diseng. 6,92 [6,06;7,8] 6,05 [5,07;6,98] 3,21 [2,66;3,78]
Peers 15,07 [13,85;16,25] 18,47 [17,28;19,76] 11,28 [10,56;12,02]
Murders 1,51 [0,83;2,14] 1,66 [0,93;2,35] 1,13 [0,67;1,55]
Thefts -3,95  [-4,75;-3,14] -4,22  [-5,17;-3,28] -2,53 [-3,08;-2,03]
School FE No Yes Yes

Choice set A A B

Own elaboration based on ANEP data.

A third element that was modified in alternative specifications is the cutoff of student
vulnerability groups. Table 19 presents estimations that introduce heterogeneity in preferences
by dividing students according to whether they have a vulnerability index greater than the 75th
percentile (index 4769), greater than the 90th percentile (index 6477), or if they receive double
TUS. Estimations show that there are also differences in the valuation of the characteristics when
considering these groups. Like in the estimations with fixed effects, differences in the valuation
of the number of students per teacher are no longer observed. The magnitude of the difference
in valuation of the characteristics associated with quality is greater in these specifications.
On one hand, the greater differences when considering students with double TUS instead of
students with TUS are suggestive evidence that there is a relationship between the intensity of
poverty and the lower valuation of school quality. On the other hand, the greater magnitude
when considering students above the 75th percentile of the vulnerability index suggests that
not only poverty is related to the lower valuation of quality, but also previous poor educational
performance. Figure 13 presents the composition by income group within each quartile of the
different characteristics considered as quality indicators. For the construction of these scenarios,
only the preferences and rankings of students considered vulnerable according to the defined

cutoff in each specification were modified. The graphs show that the effects of homogenizing
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preferences are similar in the different definitions of vulnerability cutoff.

Fourth, estimations were made by removing from the sample students with few or no nearby
schools using different radios, considering that they may have a different way of forming their
preferences. In particular, estimations were made by removing students without any schools
and with fewer than 3 schools at 20, 10, and 5 kilometers. Table 20 shows that the valuation
of the characteristics is the same in sign, similar in magnitude, and in terms of the difference
between students who receive TUS and those who do not. The magnitude of the valuation of the
characteristics is greater the more restrictive the sample of students. This suggests that urban
school students value school quality more. It is possible that this happens because they have to
compare more options and therefore obtain more information about the schools, although the
validity of this hypothesis cannot be determined in this study. Figures 14 and 15 show that the
counterfactual allocation resulting from these estimations is similar to that resulting from the
main specification of the study.

Finally, estimations of preferences were made by introducing heterogeneity between vulner-
ability groups in the valuation of distance. Table 21 presents the coefficients estimated under
this specification. Unlike the main results presented, these coefficients do not have an interpre-
tation in terms of willingness to relocate because they are not normalized using the distance
coefficient. The technical interpretation of these coefficients is that they represent the value of
the characteristic in relation to the value of a standard deviation of unobservable factors. It is
observed that although it is identified that distance affects less vulnerable students, the differ-
ence is small and does not affect the result that preferences for characteristics associated with
school quality are heterogeneous. Figure 16 shows that the resulting allocation from imposing
homogeneous preferences by quality is similar to that obtained assuming that distance valuation
is homogeneous.

Table 22 summarizes all robustness exercises in terms of how they affect the measurement
of the effect of preference heterogeneity on segregation. Counterfactual allocations were con-
structed by imposing homogeneity in preferences for characteristics associated with quality
using each of the alternative preference estimations. It is found that the conclusions reached in

this study are robust to these variants of preference estimation.
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Table 19: Preference estimation using alternative choice set

Without TUS With TUS Difference
S O G
B CI 95% B CI 95% B CI 95%
Choice set A
Tech. 0,90 [0,29;1,51] 2,88 [2,03;3,7] 1,98 [0,94;3,04]
Tenured 12,68 [11,82;13,55] 7,73 [6,31;9,01] -4,95 [-6,6;-3,5]
Stu./Tea. -5,56  [-6,21;-4,95] -4,22  [-5,1;-3,29] 1,34 [0,37;2,47]
Enrollment 24,15 [23,36;24,97] 25,01 [23,8;26,12] 0,86 [-0,49;2,15]
Approvals 9,38 [8,77;10] 6,59 [5,82;7,46] -2,79  [-3,84;-1,86]
Diseng. -6,31 [-6,86;-5,78] 0,60 [-0,1;1,34] 6,92 [6,06;7,8]
Peers -3,51 [-4,21;-2,8] 11,56 [10,55;12,56] 15,07 [13,85;16,25]
Murders -2,95 [-3,37;-2,55] -1,44 [-1,97;-094] 1,51 [0,83;2,14]
Thefts -4,04 [-4,45;-3,63] -8,00 [-8,75;-7,28] -3,95 [-4,75;-3,14]
Choice set B

Tech. -0,20 [-0,59;0,2] 1,04 [0,52;1,56] 1,24 [0,61;1,9]
Tenured 7,66 [7,15;8,12] 5,35 [4,6,6,06] -2,31  [-3,23;-1,43]
Stu./Tea. -5,14  [-5,52;-4,77] 4,10 [-4,69;-3,49] 1,04 [0,35;1,73]
Enrollment 15,14 [14,64;15,62] 15,65 [14,96;16,37] 0,51 [-0,34;1,29]
Approvals 7,17 [6,84;7,51] 5,16 [4,71;5,64] -2,01 [-2,6;-1,39]
Diseng. -3,69  [-4,03;-3,35] 0,25 [-0,19;0,66] 3,94 [3,39;4,48]
Peers 2,48  [-2,92;-2,07] 6,99 [6,48;7,54] 9,47  [8,79;10,24]
Murders -1,79  [-2,04;-1,54] -0,69 [-1,01;-0,35] 1,10 [0,7;1,52]
Thefts -4,65 [-4,89;-4,41] -6,94 [-7,39;-6,51] -2,29 [-2,8;-1,81]

Choice set A is the main definition of choice sets, Choice set B is the alternative presented in
this Annex. Own elaboration based on ANEP data.
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Figure 12: Assignment under homogeneous quality preferences, alternative choice set
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Figure 13: Assignmentunder homogeneous quality preferences, alternative vulnerability cutofts
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Figure 14: Assignment under homogeneous quality preferences, removing students with no

close schools (a)
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Figure 15: Assignment under homogeneous quality preferences, removing students with no

close schools (b)
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Table 22: Preference estimation introducing heterogeneity in preferences for distance

Without TUS With TUS Difference
(1) (2) 3)
B CI 95% B CI 95% B CI 95%

Homogeneous preferences for distance

Distance -0,026 [-0,026:-0,025] -0,026 [-0,026;-0,025] - -
Distance? 0,000 [0;0] 0,000 [0;0] - -

Tech. 0,023  [0,007;0,039] 0,074 [0,053;0,095] 0,051 [0,024;0,079]
Tenured 0,858 [0,801;0,914] 0,523 [0,428;0,608] -0,335 [-0,447;-0,235]
Stu./Tea. -0,030 [-0,033;-0,027] -0,023 [-0,027;-0,018] 0,007 [0,002;0,013]

Enrollment 0,001  [0,001;0,001] 0,001  [0,001;0,001] 0,000 [0;0]
Approvals 0,722 [0,676;0,77] 0,508  [0,449:;0,573] -0,215 [-0,296;-0,143]
Diseng. -1,846  [-2,001;-1,691] 0,176  [-0,03;0,391] 2,023 [1,778;2,27]
Peers -0,208 [-0,249;-0,166] 0,685  [0,625;0,742] 0,893  [0,823;0,958]
Murders -0,019 [-0,022;-0,016] -0,009 [-0,013;-0,006] 0,010 [0,005;0,014]
Thefts 0,000 [0;0] 0,000 [0;0] 0,000 [0;0]

Heterogeneous preferences for distance

Distance -0,027  [-0,027;-0,03] -0,023  [-0,024;-0,02] 0,003  [0,002;0,004]
Distance? 0,000 [0;0] 0,000 [0;0] 0,000 [0;0]

Tech. 0,082 [0,067;0,1] 0,126 [0,106;0,15] 0,045 [0,018;0,07]
Tenured 0,862 [0,808;0,92] 0,535 [0,448;0,62] -0,327 [-0,435;-0,22]
Stu./Tea. -0,030 [-0,033;-0,03] -0,019 [-0,024;-0,01] 0,011 [0,005;0,02]

Enrollment 0,001 [0,001;0] 0,001 [0,001;0] 0,000 [0;0]
Approvals 0,703 [0,664;0,74] 0,458 [0,396;0,53] -0,246 [-0,327;-0,17]
Diseng. -1,746  [-1,901;-1,59] 0,207 [0,003;0,43] 1,953 [1,676;2,24]
Peers -0,219  [-0,26;-0,18] 0,677 [0,619;0,73] 0,895 [0,821;0,96]
Murders -0,021  [-0,023;-0,02] -0,010 [-0,013;-0,01] 0,011 [0,007;0,02]
Thefts 0,000 [0;0] 0,000 [0;0] 0,000 [0;0]

Coeflicients in this table do not have a willingness to travel interpretation. Technically, they represent
the effect of one standard deviation of unobserved factors over utility. Own elaboration based on ANEP
data.
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Figure 16: Assignment under homogeneous quality preferences and heterogeneous preferences
for distance

Tenured
Main specification Heterogeneous prefs. for distance
. . - . - - 9%
11% 11% 11% . 11% 12% 11% .
c
S . .
=4
o
Q.
<]
48% 49%
31% 32% 36% 31% 33% 36%
1 2 3 4 1 2 3 4
Quartile Quartile
Approvals
Main specification Heterogeneous prefs. for distance
c
S
=4
<]
o
3206 36% 40% 39% 349% 37% 39% 39%
1 2 3 4 1 2 3 4
Quartile Quartile
Disengagement
Main specification Heterogeneous prefs. for distance
11% 1z 10% . 11% e 11% .
S
z
o
Q.
o
o .
0,
3% 35% 39% 41% 32% 35% 39% 42%
1 2 3 4 1 2 3 4
Quartile Quartile

B powvetus | Tus ] AFav-PE Without social plans

Own elaboration based on ANEP data.

75



“ejep JANYV UO paseq UONEBIOQR[ Um()

[LOO0-TT00-]1 600°0- [€00°0-°900°0-1 S00°0- [€00°0-*600°0-1 LOO0- WG UL "Yds ¢ Uey) SS9
[L00°0-*T10°0-] 600°0- [€00°0-900°0-]1 +00°0- [#00°0-:010°0-1 L00°0- WQT Ul "Yds ¢ uey} sso]
Gooﬁo-hoﬁo,o-_ woo,o- Hmoo,o-moooﬁo@ voo“o- Hmoo“o-mmooho; cooho- WO ur "yoss ¢ uey) sso] SJOOYS 35O OU YIIA SIUSPNIS SUTAOWSY
[900°0-:110°0-]1 600°0- [€00°0-:S00°0-]1 #00°0- [¥#00°0-:600°0-1 900°0- WG Ul JooYds ON
[900°0-:010°0-]1 800°0- [€00°0-°900°0-1 #00°0- [S00°0-*010°0-1 LOO‘0- W[ Ut [ooyds ON
[LOO0-TT00-]1 600°0- [€00°0-°900°0-1 SO00°0- [+00°0-*010°0-1 LOO‘0- W Ut [ooyss ON
[900°0-:010°0-1 800°0- [200°0-:S00°0-1 +#00°0- [+00°0-*110°0-1 800°0- SA.L *[qnog
[#00°0-:800°0-]1 900°0- [100°0-*+00°0-]1 ¢€00°0- [200°0-:800°0-1 S00‘0- 06d "umA uonuyap AIqeraumnA
[800°0-:210°0-]1 010°0- [€00°0-'900°0-]1 #00°0- [L0O0O‘0-*T10°0-]1 600°0- GLd "ump
[L00°0-*TT10°0-] 600°0- [€00°0-:900°0-]1 S00°0- [#00°0-*010°0-1 LOO0- 20uRISIP J0J $90UdIJaId SNOJUSZ0IAIOH
[900°0-:010°0-]1 800°0- [€00°0-°900°0-1 S00°0- [T00°0-:800°0-1 S00‘0- V 198 3210y
[900°0-T10°0-]1 800°0- [€00°0-:900°0-1 #00°0- [£00°0-*600°0-1 900°0- uoneoyroads urey
%S6 1D W %¢S6 1D W %S6 1D W
(€) (0 (1
‘Suasi(q sreaoxddy paInuay,

snoauagowoy axe Ajpenb 10§ $90udI9jaId USYM UONBLIBA UONESAIZIS €7 dqRL

76



	Introduction
	Related literature
	Setting
	Assignment to middle schools in Uruguay

	Conceptual framework
	Discrete Choice Models
	A behavioral model for the uruguayan case

	Empirical strategy
	Estimation Procedure
	Model Specification
	Identification and interpretation of the parameters.
	Counterfactual Scenarios

	Results
	Heterogeneity in Preferences
	Segregation
	Dynamics of Changes

	Conclusion
	References
	Annex
	Data Preparation
	School characteristics
	Convergence diagnosis
	Robustness


