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Abstract

We use data from a platform that centralizes day care matching and estimate

parents’ preferences and nursery priorities from rank-ordered lists and acceptance de-

cisions. Our novel estimation approach, inspired by dynamic discrete choice models,

accounts for strategic behavior. We then evaluate centralized matching policies, com-

paring mechanisms and assessing the effects of subsidies, increased capacity, and af-

firmative action. We find that affirmative action is key to increasing participation of

disadvantaged children, though it can raise segregation due to strong differences in

preferences.
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1 Introduction

Many governments promote participation in formal early childhood education and

care with two main objectives: increasing female labor force participation and fos-

tering child development. Both effects are particularly strong for socio-economically

disadvantaged families (Cornelissen et al., 2018; Drange and Havnes, 2019; Felfe and

Lalive, 2018; Gathmann and Sass, 2018; Havnes and Mogstad, 2011). For more ad-

vantaged families, child development effects are mixed and depend critically on the

quality gap between formal care and alternative arrangements (Baker et al., 2008,

2019; Fort et al., 2020). At the same time, disadvantaged families make less use of

day care, generating reverse selection on gains (Cornelissen et al., 2018). Hermes et al.

(2024) show that this gap is largely driven by application barriers in decentralized

matching markets.

This paper empirically investigates improving the matching process in day care

- particularly for disadvantaged children. Using data from a centralized platform

with a decentralized matching process, we estimate preferences of families and the

probability of being accepted in a nursery. We then use these estimates to evaluate

counterfactual centralized matching algorithms, modifying mechanisms, prices, and

capacities to assess their effects on participation, welfare, and segregation.

Our analysis uses a unique dataset from Leuven, Belgium, covering all formal

day care (ages 0-2.5). The matching process is decentralized: families rank nurseries

(large-scale day care centers), and nurseries may accept or reject children. Both sides

can act at any time and for any chosen start date. This context is well-suited to

investigate day care matching. While there is a large literature on optimal school

choice policies, there is limited literature on day care as these markets impose addi-

tional challenges. First, day care is rarely centralized, so rich data on both supply

and demand are often unavailable. We observe capacities, acceptance decisions, and

enrollments for all formal day care options (childminders and nurseries), alongside
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families’ nursery rankings.1 Second, application costs are low due to income-based

pricing, which makes day care broadly affordable. As a result, our data cover 88.6%

of births in Leuven.2

We estimate household preferences, using rank-ordered lists (ROLs) from 4,922

parents for seats between mid-2013 and the end of 2016. Parents are modeled as

a mixture of naive and strategic agents. Naive agents rank alternatives according

to true preferences, while strategic agents use a heuristic that accounts for expected

utility, combining utility with rank-specific acceptance probabilities. This distinction

is empirically relevant: nurseries are 10 percentage points more likely to accept a

child ranked first, creating incentives for strategic ranking.

Strategic parents are assumed to solve a sequential decision problem: the alterna-

tive they choose in rank 1 is assumed to yield expected utility (acceptance probability

q, multiplied by utility). In addition, they receive the option value of lower-ranked

alternatives, multiplied by 1 − q. This continues for the next options in the ROL.

By allowing q to be rank-specific and by accounting for option values, it captures the

key strategic trade-offs parents face. At the same time, it does not require them to

solve an arguably too complicated optimization problem of when and how to form

and update their ROL in a decentralized matching setting. Our approach provides

substantial computational benefits by connecting the problem to the dynamic discrete

choice and Conditional Choice Probability (CCP) literature (Rust, 1987; Hotz and

Miller, 1993; Arcidiacono and Miller, 2011). Acceptance probabilities are recovered

directly from the data and interpreted as parental beliefs. Parents who stop ranking

without securing a place choose a terminal outside option, implying finite depen-

dence (Arcidiacono and Miller, 2011) and allowing option values to be identified in a

first step. The remaining estimation resembles a static discrete choice model with a

correction term, enabling the use of an EM algorithm to flexibly model unobserved
1Nurseries account for 87.5% of the local capacity.
2We compare births in 2013 and 2014 to avoid right-censoring issues, as our data covers registra-

tions through 2016.
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heterogeneity and missing data (Arcidiacono et al., 2025).

Identification relies on several features of the setting. Families typically rank

multiple options, facilitating the identification of preference heterogeneity with unob-

served types. A small number is sufficient as we observe important determinants of

preferences such as travel time and sibling attendance. Continuous application over

time generates rich within-nursery variation in key variables, allowing us to include

group-specific nursery fixed effects to capture unobserved quality, perceived differ-

ently by advantaged and disadvantaged families. Capacity variation helps identifying

the share of strategic agents, while variation in the presence of disadvantaged children

identifies peer preferences as a potential cause of segregation. Finally, income-based

pricing in many, but not all, nurseries allows us to estimate price elasticities.

Estimates show that location and sibling attendance are the main drivers of utility,

while preferences for peer composition are small. Only 8% of families behave strate-

gically, with little heterogeneity by socio-economic status. Acceptance probabilities

reveal systematically lower acceptance rates for disadvantaged families.

To simulate matching policies, we divide each year into six enrollment periods

and sequentially apply centralized algorithms proposed by Delacrétaz et al. (2023),

adjusting for seat availability and endogenous nursery characteristics. We implement

variants of Knapsack Deferred Acceptance (KDA) and Knapsack Top Trading Cycles

(KTTC), which extend classic DA and TTC to allow parents to specify the number

of care days.

Five main results emerge. First, disadvantaged children benefit from centralized

mechanisms with transparent priority rules. We prioritize siblings, employment, and

those living in the same neighborhood or working for an employer that funds the

nursery. Still, tie-breakers matter and using travel time is beneficial for all groups.

Second, theoretical differences between KDA and KTTC matter empirically. KTTC

assigns more parents to their top choice (55% vs. 49%) and increases welfare by about

400 EUR per household applying for a spot. However, most families not matched to
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their top choice would envy the allocation of children with lower priorities in KTTC

- an issue absent in KDA.

Third, affirmative action policies have large distributional effects and are costly

to compensate for. We implement a dynamic version of soft-bounds quotas for dis-

advantaged children: prioritizing them in a nurseries that did not meet the quota in

the previous period. A 30% quota (there are 28% of disadvantaged children in the

sample) increases welfare by 1900 EUR for disadvantaged families, but reduces it by

1400 EUR for advantaged families. It also reduces the rate of unmatched disadvan-

taged children from 34% to 22%, but increases it for advantaged children from 31%

to 36%. To gain support from advantaged families, a 9% increase in income-based

capacity would make them indifferent, while further improving welfare and matches

for disadvantaged families and costing society 1200 EUR per household.

Fourth, affirmative action policies increase socio-economic segregation under KTTC,

but not under KDA.3 While the latter only gives disadvantaged families an oppor-

tunity in places where they are underrepresented, KTTC allows them to gain from

trade with advantaged families. While this is beneficial for welfare, the preference

heterogeneity between the two groups leads to an increase in segregation. Additional

simulations show that location preferences drive this result more than peer prefer-

ences.

Fifth, alternative policies are costly and not always effective. Free day care mainly

benefits advantaged families, while more progressive pricing has little impact given

already low fees. In contrast, letting all families pay the maximum (after tax credit)

income-based price of 23 EUR per day would have detrimental effects on the partici-

pation and welfare of the disadvantaged. Expanding income-based capacity increases

enrollment for all groups and, despite its cost, is welfare-improving given minimal

positive externalities.
3Segregation is undesired as it leads to more prejudice and discrimination in society (Rao, 2019).
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Related literature Beyond the day care literature (see above), this paper con-

tributes to two additional strands of research.

First, we contribute to the large literature on equity and efficiency concerns in

the design of matching mechanisms for allocating children to educational institutions

(see section 1.7 of Che et al. (2025) for a survey). Theoretical work has characterized

the properties of affirmative action policies in matching markets. Abdulkadiroğlu

and Sönmez (2003) introduce quotas into Deferred Acceptance (DA) and Top Trad-

ing Cycles (TTC). Subsequent work refines these designs. Hafalir et al. (2013) show

that minority reserves (soft-bounds) make minorities better off in both DA and TTC.

Moreover, DA with minority reserves Pareto dominates DA with majority quotas (or

hard-bounds). TTC with minority reserves results in better matching for minori-

ties than TTC with majority quotas. Ehlers et al. (2014) establish that soft bounds

guarantee the existence of fair and non-wasteful assignments, while such assignments

may fail to exist under hard bounds. Closest to our work, Oosterbeek et al. (2021)

empirically explores the impact of affirmative action policies in the centralized sec-

ondary school market of Amsterdam, finding modest reductions in segregation, while

it reduces welfare.

Our paper provides several contributions. First, we empirically investigate match-

ing policies and affirmative action at a much younger age (0 to 2.5 years old). There-

fore, we use the newly developed theoretical framework of ’knapsack’ algorithms in

Delacrétaz et al. (2023) to be able to account for the fact that parents differ in the

days of the week they request care. Second, we illustrate how affirmative action in a

TTC-style mechanism leads to more segregation when preference heterogeneity is im-

portant. Third, the unique context of day care - where parents can apply throughout

the year - generates high-frequency variation in the socio-economic status of peers

within institutions. This allows us to separately identify this demand-side channel of

segregation while flexibly controlling for differences in perceived unobserved quality
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by different socio-economic groups.4 We distinguish between residential segregation,

non-residential location preferences, preference for the socio-economic status of peers,

and disagreement on the (unobserved) quality of a nursery.

Second, we contribute to the literature on estimating preferences in matching

markets. Rank-ordered lists (ROLs) provide rich information and allow for highly

flexible preference estimation when agents are truthful (Abdulkadiroğlu et al., 2017).

Accounting for strategic behavior, however, substantially complicates this. Agarwal

and Somaini (2020) review existing approaches.

A first set of papers uses Gibbs sampling, following Agarwal and Somaini (2018),

which becomes computationally infeasible in settings with many ranked options, as in

our context with over 40 nurseries. Simulated maximum likelihood faces similar chal-

lenges, as multiple potential strategies need to be considered and many simulations

are required to avoid bias. Calsamiglia et al. (2020) reduce this for several centralized

mechanisms by expressing rationally optimal strategies as backward induction prob-

lems. Our approach is related but avoids simulation entirely by including rank-specific

utility shocks, in addition to persistent unobserved heterogeneity through types. By

modeling strategic behavior through a simple sequential heuristic with rank-specific

acceptance probabilities, we obtain closed-form choice probabilities that apply more

generally, including in decentralized matching environments.5 Consistent with recent

trends documented by Che et al. (2025), our approach exploits bounded rationality

restrictions to make estimation feasible, complementing work on DA with ranking

costs (Idoux, 2023) and binding list-size constraints (Wang et al., 2025).

The remainder of the paper is structured as follows. Section 2 describes the insti-
4Prior research has identified several drivers of segregation, including extended travel distances

to preferred educational institutions (Laverde, 2021), institutional screening policies (Lee and Son,
2022; Gazmuri, 2020), individual abilities (Oosterbeek et al., 2021), and the prevailing racial or
socio-economic composition of specific groups (Burgess et al., 2014; Hastings et al., 2009; Caetano
and Maheshri, 2017; Laverde, 2021).

5Beuermann et al. (2023) also propose a simulation-free estimator for strategic ranking, but do
not derive it from a specific ranking strategy and do not need to allow acceptance probabilities to
vary by rank in their setting.
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tutional context. Section 3 provides a summary of the data and documents differences

across socio-economic groups. Section 4 presents the specification of household prefer-

ences, and Section 5 discusses identification and estimation of the model parameters.

Section 6 reports the estimation results. Section 7 presents counterfactual simulations

of centralized matching mechanisms, and Section 8 concludes.

2 Institutional context

Belgium is a federal country in which day care policy is decentralized and administered

by its communities. We focus on Flanders, which accounts for roughly 60% of the

Belgian population. We first describe the institutional context and briefly compare

it to other countries, before turning to the matching system and data from the city

of Leuven.6

2.1 Formal day care in Flanders

Children can attend free preschool from age two and a half. From the first months

after birth until preschool entry, they are eligible for formal day care. All formal day

care is regulated by the government agency Kind & Gezin. Care is provided either

by childminders, who host children in their homes, or by large-scale nurseries, which

account for the majority of seats.

Providers are free to enter the market and choose their pricing regime. Fixed-

price institutions set prices freely, while income-based institutions charge government-

regulated fees that depend on household income. Both types receive subsidies, but

income-based providers receive higher subsidies net of parental fees. The number of

income-based institutions is limited by government budget decisions. Income-based

daily prices range from 5.24 to 29.09 EUR, with lower fees possible in exceptional
6This section draws on the overviews in Gaer et al. (2013); Teppers et al. (2019); Van Lancker

and Vandenbroeck (2019).
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cases,7 and average 14.16 EUR.8 Fixed-price institutions typically charge between 25

and 35 EUR per day. In addition, all parents receive a tax credit of 45% of expenses,

capped at a daily price of 11.20 EUR.9

The decree also specifies how income-based institutions must prioritize children

when capacity is constrained (Kind&Gezin, 2019).10 Absolute priority is given to

children whose parents need day care for work or education. Additional priority

applies to single-parent families, low-income households, foster children, and siblings.

On an annual basis, at least 20% of enrolled children must satisfy two or more

of the following criteria: (1) parents work or are in education, (2) single parenthood,

(3) low income, and (4) foster care. Further subsidies are granted if at least 30% of

children belong to a designated "vulnerable" group. A child is classified as vulnerable

if it meets at least two of the following conditions, with at least one drawn from

the last three: (1) parents work or are in education, (2) single parenthood, (3) low

income, (4) low parental education, or (5) health or care-related needs.11

2.2 Flemish day care in an international context

Day care provision in Flanders expanded rapidly from the 1970s onward (Van Lancker

and Ghysels, 2012). Participation among children under age three rose from about

20% in the 1990s to roughly 63% by 2010, well above the European Council’s Barcelona

target of 33%.
7Source: https://www.vlaanderen.be/kinderopvang-met-inkomenstarief , consulted on

28/10/2020.
8Source: https://www.vrt.be/vrtnws/nl/2019/07/02/hoeveel-kost-kinderopvang-in-uw-

gemeente/ , consulted on 28/10/2020.
9Both public and private providers operate in the sector. Public nurseries and affiliated child-

minders charge income-based prices. Private providers may choose between fixed and income-based
pricing. A 2012 decree (implemented from 2014) largely harmonized public and private financing,
maintaining only the distinction between income-based and fixed-price institutions.

10Earlier rules were less explicit, though priority was generally given to single parents, low-income
or low-educated parents, and children with social or pedagogical needs. Appendix A.2 analyzes the
policy change.

11The income threshold is indexed and was 28,757 EUR per year in 2019. Parents are classified
as low educated if neither holds a high school degree.
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Formal day care in Belgium is cheap: parents spend around 5% of their income,

compared with an OECD average of 12% (OECD, 2011). In terms of participation,

Belgium ranks 7th among OECD countries with 56% of children aged 0-2 enrolled in

formal care (OECD average: 35%). Teppers et al. (2019) investigate a sample from

Flanders and find an even higher rate today of around 74% regular users in the age

category 3 months - 3 years.12

2.3 The matching platform of the city of Leuven

Our data come from an online platform in Leuven, the fourth-largest city in Flanders,

with just over 100,000 inhabitants. The city comprises a historic center of about

30,000 residents and surrounding suburban areas. Leuven is a university town, hosting

roughly 55,000 higher-education students, of whom about 35,000 reside in the city

during the academic year (not included in the population count). The presence of

major academic institutions results in a population that is, on average, more highly

educated and wealthier than in other Flemish cities. Nevertheless, Leuven exhibits

substantial socio-economic diversity. In particular, 20% of births occur in low-income

families, compared with a Flemish average of 13%.13

In 2011, the city of Leuven, together with local childminders, nurseries, and welfare

organizations, launched a joint platform known as Loket Kinderopvang. Its most

visible component was a website (kinderopvangleuven.be) designed to match supply

and demand for day care services in Leuven. The initiative proved successful: despite

the absence of any legal obligation, all childminders and nurseries in the city chose

to organize their services through the platform.

The platform was designed around two core principles: autonomy for day care

providers and freedom of choice for parents. As a result, it is substantially more
12Source OECD data: indicator PF3.2 Enrollment in day care and pre-school. While the age

differs slightly between both groups, this is likely explained by regional differences too: Van Lancker
and Ghysels (2012) also found a large difference within Belgium with 63% participation at the time
in Flanders and only 45% for Belgium as a whole.

13Sources: Stad Leuven, "Omgevingsanalyse: Leuven in Cijfers", and Census 2011 (Statbel).

10



flexible than centralized platforms used for school choice in many countries. Families

seeking a place in a nursery rank up to five options and specify their desired days,

weekly schedule, and start and end dates. Families interested in childminders register

online and, nine months before their desired start date, gain access to a list of available

places. If a spot is available, they contact the childminder directly. When a family

ranks a nursery, the nursery is notified and can view the full application on the

platform. Nurseries may either make an offer or reject the application, and they

differ in how quickly they process requests. Parents can accept or decline offers. If

rejected, they remain on a waiting list in case a place becomes available or they can

decide to replace the option with another choice.

3 Data and the difference between socio-economic

groups

We first provide a descriptive overview of the data on matches and rankings and the

differences by socio-economic status. Note that our analysis will focus on demand

for nurseries (not childminders), but in the first subsection we give a more complete

overview of formal day care use in Leuven. The appendix contains more details about

the source data (which we received from “Loket Kinderopvang”) and the data cleaning

process.

3.1 Matching

We report statistics for all children attending day care between June 2013 and De-

cember 2016 (the matching sample), as well as for a restricted sample used in the

remainder of the paper. This restricted sample includes only families for whom we

reliably observe nursery ranking data (the ranking sample) and excludes families who

considered only childminders. A full description of the data cleaning process is pro-

vided in the Appendix.
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Table 1 reports characteristics of all formal day care options in June 2013 (see

Appendix Table A11 for December 2016). For each option, we show capacity, price

Table 1: Day care characteristics in June 2013

Unweighted Weighted by capacity
Obs Mean Std. Dev. Obs Mean Std. Dev.

Overall
Capacity 108 19.315 26.887 2,086 56.396 40.553
Income-based 108 0.824 0.383 2,086 0.885 0.319
Nursery 108 0.417 0.495 2,086 0.875 0.330

Nurseries only*
Capacity 44 41.182 31.135 1,812 64.187 37.818
Income-based 44 0.773 0.424 1,812 0.898 0.302
KUL 44 0.136 0.347 1,812 0.221 0.415
Distance to city center (km) 44 2.601 1.605 1,812 2.561 1.551
Distance to east (km) 44 3.081 1.426 1,812 3.265 1.462
Distance to north (km) 44 4.822 1.932 1,812 5.159 1.830
Distance to south (km) 44 4.038 2.037 1,812 3.728 2.015
Distance to west (km) 44 3.799 1.999 1,812 3.530 2.137
Operating hours 44 10.892 0.938 1,812 11.277 1.076

Child care characteristics in June 2013 (see Appendix Table A11 for December 2016).
*We drop one nursery in the rest of the analysis because of the small number of children attending
it.

system, and type (childminder or nursery). Day care options vary widely in size, and

most are income-based. Weighted by capacity, 88.5% of available spots are income-

based, and 87.7% are in nurseries.14

For nurseries, additional characteristics are available. A dummy variable indicates

"KUL" affiliation, covering KU Leuven, its university hospital (UZ Leuven), and a

large spin-off (IMEC), which offer priority to employees and account for 22% of nurs-

ery spots. Location data allow us to calculate travel times from home, though parents

may value other locational factors such as workplace, grandparents, or neighborhood

quality. To capture this, we calculate distances to five city points: the centroids of

merged neighborhoods in the city center and four points along the cardinal directions,

and treat these as nursery characteristics. Finally, we observe operating hours and
1478% of childminder spots were income-based, compared with 91% for nurseries.
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report the weekday average.

Table 2 summarizes family characteristics. First, the matching and ranking sam-

Table 2: Characteristics of the family

Matching sample Ranking sample
Obs Mean SD Obs Mean SD

20% priority group 6,038 0.281 4,922 0.266
30% priority group 6,038 0.240 4,922 0.228
Low income 6,038 0.250 4,922 0.237
No Dutch 6,038 0.246 4,922 0.242
Single parent 6,038 0.098 4,922 0.086
Low education 6,038 0.090 4,922 0.090
Work or study 6,038 0.938 4,922 0.940
Income-based price 2,128 13.866 7.839 1,740 14.263 7.737

Matching sample: characteristics of families that started day care in between
2013 week 26 and 2016 week 52, added by unallocated families that wanted
to start in this time period.
Ranking sample: standard data cleaning (see Appendix) and only including
households that rank at least one nursery.

ples exhibit largely similar statistics, which is important since our demand estimation

uses only the ranking sample. Second, the table shows the share of families in the

groups targeted by the government’s priority policy: 28% fall in the 20% priority

group, while 24% are in the 30% group. We also report additional family character-

istics. About 25% are low income, 25% do not speak Dutch (the local language) at

home, 10% of children live in single-parent households, and 9% have parents without

a high school degree. The "work or study" indicator shows that most parents are

employed, studying, or seeking work. Average daily income-based fees are 14 EUR

(SD = 8 EUR), though these are observed only for a subset of the sample. Data are

missing either because nurseries do not use the platform for bookkeeping or because

children never attend an income-based institution. As these missing observations are

likely non-random, they must be accounted for in the estimation procedure.

Since the 20% and 30% priority groups are similar in size, we focus on the 20%

group and refer to them as "disadvantaged" throughout the paper; all other families

are labeled "advantaged".

Table 3 reports family characteristics for the matching sample by socio-economic

13



Table 3: Characteristics of the family by socio-economic priority group

Advantaged Disadvantaged
Obs Mean SD Obs Mean SD

20% priority group 4,342 0.000 1,696 1.000
30% priority group 4,342 0.000 1,696 0.855
Low income 4,342 0.024 1,696 0.830
No Dutch 4,342 0.144 1,696 0.507
Single parent 4,342 0.004 1,696 0.338
Low education 4,342 0.039 1,696 0.222
Work or study 4,342 0.966 1,696 0.867
Income-based price 1,403 17.166 6.440 725 7.481 6.188

group. By construction, the two groups differ markedly. The primary distinction

is income: only 2.4% of advantaged families are low-income, compared with 86% of

disadvantaged families, which is also reflected in the income-based fees they face (17

EUR vs. 7 EUR). Other indicators of disadvantage show similar gaps. While language

at home is not used to define the groups, most disadvantaged families do not speak

Dutch at home, compared with 14% of advantaged families. Single-parent households

and parents without a high school degree are common among the disadvantaged

(about one-third and one-fifth, respectively) but rare among the advantaged. Both

groups have high rates of parents working or studying, though it approaches 100%

for advantaged families.

Table 4 shows differences in matching outcomes. While the total number of

matches is similar, disadvantaged children are slightly less likely to be matched to a

nursery and, when matched, substantially less likely to receive their top-ranked choice.

They also attend different nurseries. Appendix Figure A3 shows the segregation curve,

which implies a Gini-coefficient of 0.37 and dissimilarity index of 0.26.15

15The Gini coefficient measures the area between the segregation curve and the 45◦ line relative
to the total area under the 45◦ line. The dissimilarity index equals one half of the sum of absolute
differences in group shares across day cares.
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Table 4: Match statistics

Overall Advantaged Disadvantaged
Match 0.743 0.741 0.749

with nursery 0.650 0.667 0.606
with childminder 0.094 0.074 0.144

Rank*
1 0.546 0.586 0.424
2 0.110 0.106 0.122
3 0.071 0.065 0.089
4 0.054 0.051 0.064
5 0.044 0.041 0.051

Characteristics of families applying for day care in a slot starting 2013
week 26 - end of 2016. Total obs = 6,038, of which 4,342 advantaged and
1,696 disadvantaged.
*To calculate the share in each rank, we use only children matched to
a nursery that are part of the ranking sample: total of 3,355 children
allocated to nurseries, of which 2,527 advantaged and 828 disadvantaged.
Rank >5 not included in table.

3.2 Ranking

When parents enter the platform, they can rank up to five alternatives and they can do

so from the moment they know they are expecting.16 Figure 1 illustrates the timing

of spot requests for advantaged and disadvantaged families. Advantaged families

typically request a spot earlier, while disadvantaged families show a pronounced peak

just before their desired start date. Similarly, advantaged families generate high

demand within the first two months after conception, whereas disadvantaged families’

requests are more evenly distributed over time, with many submitting applications

after the child’s birth.

Figure 2 shows the number of ranked alternatives by each group. Most families

rank the maximum of five options, but a sizable share - particularly among advantaged

families - rank only one. Several families rank more than five alternatives by replacing

unavailable options with new ones.

Table 5 compares the characteristics of families’ top-ranked alternatives with their
16Table A12 shows that the ranking system largely corresponds with actual attendance behavior.
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Figure 1: Timing of demand

Figure 2: Number of nurseries ranked

fifth-ranked options and the average available when they apply. We include the pre-

viously discussed nursery characteristics and also factors that vary by applicant and

timing. Differences reflect both preferences and, for strategic families, acceptance

probabilities. Both groups strongly favor income-based nurseries, though advantaged

families are relatively more likely to also consider fixed-price options, consistent with

the smaller price differences they face. Both prefer shorter travel times, but disadvan-

taged families are particularly sensitive to bus travel and central locations, suggesting
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greater reliance on public transportation.17 Finally, disadvantaged families tend to

favor nurseries with a high share of disadvantaged children, whereas this factor does

not influence advantaged families’ rankings.

Table 5: Characteristics of ranked vs all alternatives

Advantaged Disadvantaged
First rank Fifth rank Average First rank Fifth rank Average

Income-based 0.961 0.882 0.787 0.969 0.924 0.792
KUL 0.250 0.166 0.134 0.181 0.146 0.132
Distance to city center (km) 2.509 2.213 2.589 1.856 1.820 2.597
Distance to east (km) 3.278 3.011 3.077 3.142 3.082 3.069
Distance to north (km) 5.057 4.983 4.808 5.221 5.112 4.806
Distance to south (km) 3.720 3.551 4.062 3.129 3.261 4.078
Distance to west (km) 3.398 3.317 3.801 2.899 2.852 3.814
Operating hours 11.502 11.151 10.911 11.382 11.182 10.915
Share disadvantaged 0.203 0.196 0.187 0.283 0.234 0.188
Travel time (min per trip) 11.981 12.469 15.366 11.626 12.390 14.583
Time bus / time car 2.194 2.369 2.509 2.023 2.165 2.386
Enrolled children 88.381 67.569 50.104 92.265 68.543 51.205

Share disadvantaged and number of enrolled children calculated at the time of applying for a spot.

4 Household preferences

Our goal is to explore how to improve the matching of children, particularly those

from low socio-economic backgrounds. To this end, we implement various central-

ized matching algorithms and evaluate their welfare implications. Doing so requires

knowledge of household preferences. This section introduces the utility function we

use, while the next section discusses how to estimate its parameters from rank-ordered

lists, accounting for potential strategic behavior.
17Travel times are calculated using Google Maps based on family and nursery locations, with five

minutes added to account for preparation and to avoid zeros in relative differences.
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Group-specific utility functions For each family i of socio-economic group s,

the indirect utility derived from attending a nursery j is denoted:

us
j(Wij) =δjs + Wijβs − pij if j ̸= 0 (1)

us
j(Wij) =0 if j = 0

δjs is a group-specific nursery fixed effect, capturing heterogeneity in the valuation

of observed and unobserved characteristics of each nursery by each socio-economic

group. Wij is a vector of individual and nursery characteristics, arbitrarily correlated

with the fixed effect, and pij is the price that family i would pay for nursery j. Opting

out of the centralized matching system is denoted as j = 0, with its utility normalized

to 0 for all i.

Heterogeneity within socio-economic groups Heterogeneity within socio-economic

groups is captured by the observed and unobserved characteristics in Wij. To ra-

tionalize all ranking data using a computationally efficient estimator, we will add

rank-specific random shocks. Because these shocks are uncorrelated across ranks, uij

must be sufficiently rich to capture (persistent) heterogeneity in preferences, ensur-

ing reliable welfare estimates and substitution patterns. The same argument is used

in the dynamic matching context by (Agarwal et al., 2021) as their shocks are also

rapidly replaced by new ones. We extend this by incorporating unobserved hetero-

geneity directly into uij, analogous to the motivation of BLP-models that use random

coefficients to avoid the restrictive substitution patterns implied by a restrictive (but

computationally convenient) shock distribution (Berry et al., 1995). Specifically, we

allow each agent to belong to one of two unobserved preference types (A or B) and,

along with observed family characteristics, interact them flexibly with nursery char-

acteristics.

We account for various nursery characteristics. First, we capture a general pref-

erence for attending a nursery in Leuven relative to each family’s outside option. We
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do this by allowing an additive shift in the utility of all inside options with a term

that depends on observed family characteristics, unobserved preference type, and the

time remaining until the desired start date. We also control for the income-based

price families would pay, as income-based institutions in other cities are part of the

outside option.

Second, we estimate the importance of travel time in a flexible way. We consider

the commuting time by car with the home location and allow its effect to differ by

observed family characteristics and the unobserved preference type. We also include

a preference for relative differences in travel time by public transportation.

Third, we capture preferences over nursery characteristics that vary across house-

holds. Because parents can apply and enroll at any time, several variables exhibit

within-nursery variation.18 Their effects are estimated via βs, while group-specific

perceived quality is captured by δjs. In particular, parents consider the number of

children and the share of disadvantaged children when applying. Controlling for

group-specific fixed effects allows us to interpret βs as capturing preferences for social

composition, net of correlated effects arising from group-specific perceptions of unob-

served quality.19 Nursery prices vary by household due to the income-based pricing

structure of most (but not all) nurseries, enabling us to control for unobserved quality

through fixed effects while identifying price effects. Utility is normalized with respect

to price so this identifies the scale of the utility function in euros. We also include

additional factors influencing choice: whether a sibling is enrolled and whether the

nursery belongs to the KUL system.

Finally, we capture preference heterogeneity over invariant nursery characteristics,

both observed and unobserved. To model heterogeneity in unobserved characteristics,
18Although these characteristics are time-varying, a time-subscript is not needed in most cases as

each i comes with a particular application time. However, if parents add alternatives later, we do
have within-individual variation that we ignore in notation here, but we account for it in estimation
by updating these variables.

19As explained in Manski (1993), similarities in behavior within groups may arise not only from
endogenous effects (peer influence) or contextual effects (peers’ characteristics), but also from cor-
related effects - shared, potentially unobserved, individual traits or environments.
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we first cluster the 45 nurseries into four groups using k-means.20 We interact a

constant, dummy variables for three of the four clusters, and observable characteristics

(distances to five locations and operating hours) with observed family characteristics

and unobserved preference types. In a second-stage regression, we relate the nursery

fixed effects to the same characteristics to better understand what families value.

5 Estimation

This section outlines our empirical strategy to uncover household preferences. Section

5.1 presents the estimation strategy assuming (naive) agents report preferences truth-

fully. Section 5.2 extends this to strategic agents, and Section 5.3 derives a likelihood

function for a mixture of both types. Finally, Section 5.4 discusses identification.

5.1 Truth-telling agents

If family i is naive, i.e., reports preferences truthfully, we assume they rank options

according to the choice-specific utility uij from (1) plus an individual shock ϵijr for

each choice j at each rank r. We also include a ranking cost cs. Unlike a standard

exploded logit, shocks vary not only by family i and alternative j, but also by rank

r. While this does not affect estimation for naive agents, it provides substantial

computational advantages when modeling strategic behavior. It also captures rank-

specific effects, such as trembling-hand errors or updated information when parents

add alternatives later. Persistent unobserved heterogeneity is captured by uij.

To rationalize choices at each rank, we define the agent’s perceived rank-specific

value function:
20We use the number of children, the share of 20% and 30% priority groups, the share of single-

parent children, the share of low-income children, the share of children of parents with low education,
the share of children of parents who do not speak Dutch and the share of parents working or studying,
after subtracting their mean and dividing by their standard deviation.
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V s,Naive
r (Xτ

ir, ϵir) = max
j∈Ji\Hir

vs,Naive
jr (Xτ

ir) + ϵijr

.

where Xτ
ir ≡ {Wi, Hir} is the relevant state for a family i at slot r of unobserved

type τ . It consists of two elements: (1) observed and unobserved characteristics that

influence utility Wi ≡ {Wij}∀j and (2) an unordered set of previous optimal choices

Hir ≡ {diρ}r−1
ρ=1. The previous optimal choices are removed from the choice set for

the next slot. ϵir is a vector of all ϵijr. Ji is the set of options in the market when i

applies. vsτ ,Naive
jr (Xτ

ir) is defined as the conditional value function, given by

vs,Naive
jr (Xτ

ir) = us
j(Wij) − cs.

If we assume ϵijr to be mean-zero Extreme Value distribution type 1 (EV1) dis-

tributed with scale σs, we obtain logit probabilities:

ps,Naive
jr (Xτ

ir) =
exp(vs,Naive

jr (Xτ
ir)/σs)∑

j′∈Ji\Hir
exp(vs,Naive

j′r (Xτ
ir)/σs)

(2)

If all agents were truth-telling, a likelihood function can be composed from these

probabilities and gives rise to a standard exploded logit model.21

5.2 Strategic agents

Families may not always rank truthfully. In the decentralized matching, nurseries

observe child characteristics and rank-order lists, and may prioritize families that rank

them highly. Abdulkadiroğlu et al. (2017) document this for New York high schools

(pre-2003), and we observe similar patterns in our setting (see results section). This

creates a strategic incentive not to "waste" a top ranking on an infeasible option.
21If all agents are naive, the ranking cost cs is not identified and should be dropped, since it enters

the conditional value function of every choice alternative.
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We model strategic agent i as forming rank(r)-specific beliefs about their admis-

sion probabilities in each nursery j: qijr. We leverage the computational advances in

dynamic discrete choice estimation (Rust, 1987; Hotz and Miller, 1993; Arcidiacono

and Miller, 2011), by treating the formation of the rank-ordered list as a dynamic

problem in which agents first decide what to rank first and then go down their list.

State transitions are given by beliefs on acceptance probabilities. qi0r = 1 and in

Appendix A.4, we explain how we take advantage of the acceptance decisions of the

nurseries to obtain an estimate of the other qijr.22 At each ranking slot, they choose

the option with the highest perceived value. Different from a naive agent, they con-

sider the expected utility of the alternative as well as the option value arising from

lower-ranked alternatives.

This results in the following value functions:

V s,Str
r (Xτ

ir, qi, ϵir) = max
j∈Ji\Hir

vs,Str
j (Xτ

ir, qi) + ϵijr

,

with the conditional value function and the resulting choice probabilities now

defined as

vs,Str
jr (Xτ

ir, qi) = qijru
s
j(Wij) − cs + (1 − qijr) Eϵr+1

[
V s,Str

r+1 (Xir+1, qi, ϵir+1)
]

, (3)

ps,Str
jr (Xτ

ir, qi) =
exp(vs,Str

jr (Xτ
ir, qi))/σs)∑

j′∈Ji\Hir
exp(vs,Str

j′r (Xτ
ir, qi)/σs)

. (4)

5.3 Likelihood function

Valuations are parameterized with group-specific parameters (δs and βs), allowing sep-

arate estimation for advantaged and disadvantaged families. Since the family’s pref-

erence type τ is unknown, we estimate its distribution. The probability that a family
22They are treated as data when estimating utility. A bootstrap procedure that also re-estimates

qijr in each bootstrap sample provides standard errors.
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of observed type s belongs to unobserved type τ is denoted πτ
s , with ∑

τ={A,B} πτ
s = 1.

Similarly, we estimate the proportion of strategic and naive types. The proportion

of the population who is strategic is denoted as λs(Si, τ), with its counterpart being

naive. Si captures observed family characteristics (low income, single parent, low

education, no Dutch, work or study) and the time difference between the first appli-

cation and the requested starting date. We model this probability as a binary logit.

All parameters to estimate at this stage are summarized in Θ = {δ, β, π, λ}.

The likelihood of observing the ROL di, given the acceptance probabilities qi and

the observed state Xi is given by equation

L (di, Xi, qi|Θ) = Πi∈I

 ∑
τ={A,B}

πτ
s

(
λs(Si, τ)Ls,Str (di, Xτ

i , qi|Θ) + (1 − λs(Si, τ)) Ls,Naive (di, Xτ
i |Θ)

)
with Xτ

i accounting for both observed and unobserved states,

Ls,Str (di, Xτ
i , qi|Θ) = ΠRi

r=1Πj∈Ji\Hir
ps,Str

jr (Xτ
ir, qi)I(dir=j),

Ls,Naive (di, Xτ
i |Θ) = ΠRi

r=1Πj∈Ji\Hir
ps,Naive

jr (Xτ
ir)I(dir=j)

and ps,Naive
jr (Xτ

ir, qi) and ps,Str
jr (Xτ

ir) are the CCPs given by (2) and (4). Finally,

I (dir = j) indicates that the observed choice for i at slot r is the nursery j.

Interpreting the ROL data Parents can add alternatives later and change their

ranks, and we do not always observe whether a family prefers the outside option

over non-ranked alternatives. We assume that later-added alternatives are ranked

below previously ranked ones, and that i ranks j = 0 above non-ranked alternatives

only if they leave the platform without an allocation. For other cases, we make no

assumptions about the ordering of non-ranked options relative to the outside option.

Missing price data In several cases, the income-based prices parents (would) pay

are unobserved. While some are missing at random, we also do not observe prices
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when a child never attends an income-based nursery. Since this is likely non-random,

we integrate over missing prices in the likelihood, similar to Arcidiacono et al. (2025)

for missing college majors. In practice, this creates 12 types for each socio-economic

group s: two behavioral types (naive or strategic) × two preference types (A or B) ×

three price types (5, 16, or 23 EUR/day). To separately identify the price types, we

first estimate their population probabilities using a Heckman selection model (Heck-

man, 1979).23

Option values in a first step To avoid solving the model for strategic agents by

backward induction, we obtain the option value of lower-ranked alternatives in a first

stage by using CCP estimation. With the EV1 assumption, Hotz and Miller (1993)

and Arcidiacono and Miller (2011) show that we can write

Eϵr+1

[
V s,Str

r+1

(
Xτ

ir+1, qi, ϵir+1
)]

= vs,Str
j∗,r+1(Xτ

ir, qi) − σs ln
[
ps,Str

j∗,r+1

(
Xτ

i,r+1, qi

)]
(5)

with j∗ any option in the choice set.24 This equation has an intuitive interpretation:

the ex-ante value function is a sum of the conditional value function of any option j∗,

plus a nonnegative term that adjusts for j∗ not being the optimal choice. Which al-

ternative we choose to be j∗ is arbitrary, but a convenient choice is the outside option:

j∗ = 0. This gives vs,Str
j∗,r+1(Xτ

ir, qi) = −cs, hence removing any further dependence on

the future. We then obtain the following conditional value functions:

vs,Str
jr (Xτ

ir, qi) ≡ qijru
s(Wij) − cs + (1 − qijr)

(
−cs − σs ln

[
ps,Str

0,r+1

(
Xτ

i,r+1, qi

)])
,

vs,Str
0r (Xτ

ir, qi) ≡ −cs.

23An ordered probit models the three price categories, with a selection equation for missing data
that includes observed family characteristics and the probability of ranking a price-missing alterna-
tive first. The latter is obtained from a conditional logit using travel time, controlling for nursery
fixed effects and other non-price attributes, exploiting heterogeneity in travel times to nurseries that
report prices for identification.

24See also Murphy (2018) for the proposed money-metric utility specification, i.e. with a price
coefficient normalized to -1, but an estimated scale parameter.
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Aside from rescaling flow utility by qijr, the estimator is a standard dynamic discrete

choice model with unobserved types and finite dependence, which can be estimated

using the EM algorithm adaptation of Arcidiacono and Miller (2011). To simplify

estimation, we first fit a specification with the scale normalized to one but an esti-

mated price coefficient. Dividing all parameters by the price coefficient then expresses

utility in euros. A reduced-form estimate of the CCP for the outside option in (5)

is required and is obtained in a first stage via a flexible logit on family and nursery

characteristics.

5.4 Identification

Dynamic discrete choice models are identified after normalizing the utility of one

option, fixing the discount factor, and specifying the distribution of the error terms

(Magnac and Thesmar, 2002). Apart from common ranking costs, we normalize the

utility of the outside option to zero. The discount factor is set to one for strategic

agents and to zero for naive agents. Identification of the mixture exploits variables

that affect acceptance probabilities - relevant only for strategic agents - but do not

enter the utility function. As shown in Appendix A.4, we impose several empirically

relevant exclusion restrictions, notably available capacity at the time of application

and the rank position of the nursery in the family’s list. We also include an applicant

score that was used by nurseries on the platform. It is based on a formula set by them,

using family characteristics. While this score does not constrain them, they can use

it to sort applications. Note that our specification differs slightly from a standard

dynamic discrete choice model in that flow utility is multiplied by the acceptance

probability (see (3)). This does not create identification issues, however, since state

transitions are identified outside the model using observed acceptance decisions. We

also allow for unobserved preference heterogeneity by exploiting the full ROL. Since

the error term ϵijr is assumed i.i.d. across ranks, persistent unobserved differences

across individuals must be captured by the preference types. For example, an individ-
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ual who consistently ranks nearby institutions highly is more likely to have a strong

preference for proximity.

In addition to unobserved preference types, we must integrate over unobserved

prices for a substantial share of the sample. Some income-based institutions do not

report prices, and for families allocated to fixed-price institutions we do not observe

the income-based price they would have paid.25 This setting is the mirror image of

the standard wage-selection problem, where low wages are often unobserved (Heck-

man, 1979). Identification follows similar logic: we exploit preference shifters - most

importantly travel time to nurseries that do or do not report income-based prices -

to identify the distribution of unobserved prices.

We also identify the cost of ranking an additional alternative, using variation in

the length of the ROL. Since only utility differences are identified, this cost drops

out for naive families. For strategic families, however, it enters the conditional value

functions through its effect on expected continuation values. These families effectively

solve an optimal stopping problem, deciding when to stop adding alternatives if not

accepted. Ranking an option with a low acceptance probability increases the expected

need to add lower-ranked alternatives, thereby lowering expected utility. Intuitively,

higher ranking costs induce strategic agents to favor nurseries with higher acceptance

probabilities to avoid extending their list. Estimating this cost is also important to

offset any artificial incentive to be rejected, since rejection allows agents to draw a

new set of shocks.

6 Estimation results

We first present the (only) estimates required for our main simulations: household

preferences. We then briefly summarize acceptance probabilities, which are needed

to account for strategic parents in the data.
25Prices in fixed-price institutions are absorbed by fixed effects and therefore do not affect iden-

tification.
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6.1 Household preferences

Utility parameters (βs) Table 6 and Appendix Tables A13-A14 present the de-

mand estimation results. We first estimate the model with a normalized scale and

Table 6: Demand side: estimation results (1 of 3)

Advantaged Disadvantaged
coef se coef se

βs in equation (1)
Travel time (min per trip) -6.788 (0.447) -1.510 (0.213)

× Type B 4.185 (0.213) -2.697 (0.205)
× No Dutch 0.300 (0.125) 0.103 (0.091)

× Low income 0.959 (0.319) 0.674 (0.126)
× Single parent 0.319 (0.077)

× Low education 0.251 (0.221) -0.067 (0.090)
× Work or study -0.122 (0.275) -0.152 (0.123)

Time bus / time car -6.370 (0.382) -5.437 (0.485)
Enrolled children 0.033 (0.009) 0.012 (0.008)
Share disadvantaged 16.194 (2.110) 18.864 (1.812)
Sibling 34.341 (2.385) 16.602 (2.066)
KUL priority 32.152 (1.810) 19.491 (1.773)
Constant × Income-based price 2.131 (0.074) 1.459 (0.092)
Constant × Weeks until start 0.269 (0.032) 0.225 (0.024)

Scale (σs) 12.731 (0.627) 7.580 (0.511)
Cost to rank (−cs) -44.872 (2.297) -26.406 (1.852)

Share type B 0.415 0.487
Share strategic 0.069 0.103

Nursery obs × demographics YES YES
Nursery clusters × demographics YES YES
Children 3,613 1,309
Children × ranks 17,849 7,252

Utility scaled in daily prices. Heterogeneous effect of observed and unobserved
nursery characteristics can be found in Table A13 and Table A14. Group-specific
nursery fixed effects included. The constant and baseline effects of operating hours
and distances are obtained from a second stage regression of the nursery fixed
effects. Bootstrap standard errors in parentheses, based on 50 replications.

a price coefficient, then divide all parameters by the price coefficient to obtain the
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money-metric utility specification in (1). This allows interpreting estimates as will-

ingness to pay for each day of day care use. Standard errors are computed via a

bootstrap procedure.26

Travel time strongly affects families’ preferences. For the least sensitive unob-

served types, a one-way trip reduces utility by 2.6 EUR/day for advantaged fami-

lies and 1.5 EUR/day for disadvantaged families. Since parents typically make this

trip twice daily, this implies an opportunity cost of time of roughly 1.3 and 0.8

EUR/minute, respectively. Other unobserved types face substantially higher costs,

while observable characteristics have relatively small effects.27 This type likely cap-

tures families who value proximity for reasons beyond time, such as neighborhood

ties. Moreover, the average travel times in the data are low (a one-way trip is around

15 minutes for the average nursery available), and do not take into traffic jams or

alternative modes (walking, biking). While this may affect interpreting the parame-

ter as an opportunity cost of time, it does not affect our analysis of optimal nursery

matches. We also account for differences in public transportation travel times: for

parent-nursery pairs with poor connections, doubling the travel time reduces utility

by 5-6 EUR/day.

We also account for two endogenously evolving nursery characteristics, though

their effects are small. Adding 10 children to a nursery increases utility by only 0.1-

0.3 EUR/day. Interestingly, a higher share of disadvantaged children is positively

valued by both groups: a 10 percentage point increase raises utility by 1.6 EUR/day

for advantaged families and 1.9 EUR/day for disadvantaged families.

Having a sibling in the facility strongly increases utility by 34 EUR/day for advan-

taged families and 19 EUR/day for disadvantaged ones. These values are consistent

with the travel cost estimates, as a sibling reduces the number of trips by roughly
26We use 50 bootstrap samples and re-estimate the full model, including supply, demand, and

auxiliary regressions. The EM algorithm is not re-run; weights are fixed, assuming no uncertainty
in type estimation.

27We omit interactions with the single-parent dummy for advantaged families, as there are only
twelve in this subsample.
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half. A similar effect is observed for KUL priority. Note that while both variables also

strongly predict acceptance (discussed later), our estimates here account for strategic

behavior, so the effect sizes are not driven by acceptance probabilities.

We capture heterogeneity in outside options by interacting the constant with

families’ income-based price and the time remaining until the requested start date.

Parents who face higher income-based prices (including outside Leuven) value outside

options less: each additional euro reduces the attractiveness of outside alternatives

by about 2 EUR/day for advantaged families and 1.5 EUR/day for disadvantaged

families. Since this effect is larger than 1, it likely also reflects a higher intrinsic

preference for day care among high-income families. Families who apply earlier are

also less likely to choose the outside option, indicating that those with a high need

ensure timely applications. People who are 10 weeks earlier, value day care more at

a rate of around 2 to 3 EUR per day.

Appendix tables show the large number of estimates capturing heterogeneous

preferences over fixed nursery characteristics. Appendix Table A13 shows that all

families value more operating hours, although less so for parents who do not speak

Dutch. For location preferences, unobserved types are very important, but also some

observables matter. Non-Dutch-speaking parents prefer nurseries in the city center,

while low-income households stay away from the north and south. Appendix Table

A14 highlights large differences between how unobserved types value different clusters,

while effects of observables are less important. We do find heterogeneity over clusters

with Non-Dutch-speaking parents preferring clusters 2 and 3, and advantaged but

low-income parents preferring cluster 3.

Other parameters Table 6 also reports the estimates of parameters that do not

enter uij, including the scale of the shocks. Note that a standard deviation of the

shocks is given by σ π√
6 , which corresponds to 16 EUR for advantaged families, and

10 EUR for disadvantaged families. These parameters test the richness of our model.
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Their relatively small magnitude - despite being used to rationalize the entire ROL

after accounting for observables and unobserved types - indicates that the main choice

margins are well captured by uij. Finally, we estimate a high cost of adding alterna-

tives to the ROL, suggesting that families are reluctant to exhaust all options before

turning to their outside alternative

Finally, we report the share of unobserved preference types and strategic fami-

lies. The unobserved types are almost evenly divided, while very few families behave

strategically in either group - 7% among advantaged and 10% among disadvantaged

families. Appendix Table A15 reports the average marginal effects for being a strate-

gic type. For advantaged children, only the number of weeks remaining until the

desired start date is statistically significant: more weeks decrease the likelihood of

strategic behavior. This likely reflects the smaller need to act strategically when

chances of acceptance are higher and parents have more time to add alternatives to

their list. For disadvantaged children, the same effect holds, with additional influ-

ences: non-Dutch-speaking parents have a lower probability of being strategic (as they

potentially have less access to information), while being a single parent or belonging

to preference type B increases it.

6.2 Acceptance probabilities

Details on the estimation of acceptance probabilities and a discussion of the estimates

are provided in Appendix A.4 and Tables A18-A19. We summarize the main insights

in three steps.

First, we plot acceptance probabilities of a first-ranked alternative (qij1) for each

group in the left panel of Figure 3. The two distributions differ substantially. Disad-

vantaged children exhibit a large mass at acceptance probabilities around 20% and

very little mass above 60%. In contrast, low acceptance probabilities are uncom-

mon among advantaged children, whose distribution has a mode close to 50%, with

a substantial share of families facing success rates close to 100%.
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Figure 3: Acceptance probabilities and socio-economic groups

Notes: plots of the acceptance probabilities in rank 1: qij1 (see equation (6)). The left panel plots
them for the agents in the sample for the alternative they apply for. The right panel plots the
probability for a representative set of household and time-varying nursery characteristics for each
socio-economic group in each nursery. We take characteristics that are close to the average for
households that apply between 30 and 50 weeks ahead: 8 % of spots available, 22% disadvantaged
children, located 12 minutes away by car, 18 weeks old at the start, and 130 weeks demanded for the
five weekdays. We also omit the effects of individual demographic characteristics. We plot this for a
working household that applies (the average) 40 weeks ahead, with no sibling in a nursery. Circles
and squares are proportional to capacity.

Second, the right panel of Figure 3 plots the heterogeneous impact of nurseries on

acceptance probabilities. It shows the probability of acceptance in each nursery for

two representative (average) families who differ only in their disadvantaged status.

The differences are driven by interactions of disadvantages status with observed and

unobserved nursery characteristics, as reported in Appendix Table A19. We observe

substantial heterogeneity, yet all nurseries exhibit higher acceptance probabilities for

advantaged families. This pattern is particularly pronounced for fixed-price institu-

tions, but even income-based nurseries - which are expected to prioritize disadvan-

taged children - do not fall below the 45◦ line.

Finally, we compute marginal effects, i.e. the change in acceptance probabilities

qijr resulting from small changes in characteristics; these are reported in Appendix

Table A20. Several variables have large effects on acceptance probabilities. Having a

sibling at the nursery increases acceptance by about 30 percentage points, while the
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KUL priority (common among advantaged families) raises it by around 15 percentage

points. Capacity and rank are also key determinants: a 10 percentage point increase

in available capacity raises acceptance by about 1 percentage point, and ranking a

nursery first rather than second increases acceptance by roughly 13 percentage points

for advantaged families and 7 percentage points for disadvantaged families, with little

variation across lower ranks. Applying later and not speaking Dutch at home are both

associated with lower acceptance probabilities, patterns that disproportionately affect

disadvantaged families.

7 Simulations of centralized mechanisms

In this section, we present simulations aimed at increasing the participation of dis-

advantaged families in day care. We first compare the current system to centralized

alternatives, then study affirmative action policies, and finally examine the role of

prices and capacities.

For all simulations, we divide each year into six enrollment periods defined by

school vacations, mirroring preschool enrollment cycles. Each family is assigned to

the period closest to its observed (or requested) start date.28 We simulate matching

sequentially over 20 periods between late 2013 and late 2016, drawing parental util-

ities and nursery priorities. At the start, we net out the capacity taken by children

excluded from the analysis. After each round, we update capacities and endogenous

nursery characteristics (enrollment and the share of disadvantaged children), and

allow families to incorporate continuation values when forming utilities. To allow

for burn-in, we report results only for the final 12 periods. We construct complete

rank-order lists by simulating from the estimated utility distribution. As all simulated

mechanisms are truth-revealing (except in decomposition exercises), we abstract from
28We use actual start dates for matched children and requested dates otherwise. Actual dates

capture that parents may adjust their plans after failing to find a match, which we abstract from in
the analysis. We also assume no subsequent switching across nurseries, which occurs in only 10.5%
of cases.
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Table 7: Simulations: centralization

Mechanism: Decentralized KDA KDA KDA KDA KDA KTTC
Priorities: Data No rank No time Points (R) Points (T) Point (T)
Match (share of families)
Unmatched 0.32 0.35 0.35 0.35 0.35 0.34 0.32

Advantaged 0.27 0.33 0.32 0.32 0.34 0.33 0.31
Disadvantaged 0.42 0.40 0.43 0.42 0.38 0.37 0.34

Match with rank 1 0.57 0.56 0.40 0.39 0.43 0.49 0.55
Advantaged 0.61 0.60 0.42 0.41 0.44 0.50 0.56

Disadvantaged 0.45 0.46 0.33 0.34 0.39 0.45 0.52

With envy 0.13 0.07 0.02 0.00 0.01 0.42
Advantaged 0.12 0.07 0.02 0.00 0.01 0.42

Disadvantaged 0.15 0.08 0.02 0.00 0.02 0.44

Welfare (∆/capita in 1000 EUR)
Parental benefit -0.70 -0.78 -0.23 0.64 1.03

Advantaged -0.69 -0.81 -0.45 0.53 0.98
Disadvantaged -0.72 -0.69 0.33 0.90 1.16

Government cost 0.00 0.02 0.08 0.17 0.36

Segregation (0 to 1)
Dissimilarity 0.25 0.25 0.25 0.26 0.28 0.32 0.28
Gini 0.35 0.36 0.36 0.36 0.39 0.43 0.39

Decentralized denotes simulations from estimated choices, acceptance probabilities and compliance statistics. Other
simulations use KDA or KTTC mechanisms with different priorities. Data-driven priorities are given by the acceptance
probabilities, added by a noise term to match % top ranked (inverse of a logit probability with type 1 extreme value
shocks with scale 0.9). "No rank" is identical to "Data", except that it uses the priorities in rank 1 for all. "No time"
is identical to "No rank", except that it removes the impact of the timing of application (i.e. the available capacity
and the time left before the requested entry date). "Points (R)" uses points for having a sibling at the institution (4),
working or studying (1), and living in the same neighborhood (1). For KUL-owned nurseries, we replace the location
preference by a preference for working at KUL. "Points (T)" is identical to "Points (R)" but replaces the tie-breaker by
travel time. Envy is defined as preferring an alternative nursery in which they have a higher priority than any family
matched in the same period. Welfare differences are calculated with respect to the KDA mechanism with data-driven
priorities and abstracting from ranking costs. We report averages over 25 simulations for the last 12 matching periods.

strategic ranking. Lists are formed based on us
j(Wij) plus an additive shock.29

7.1 Centralizing the matching process

Table 7 shows the impact of centralizing the matching process. The first column
29To limit simulation noise, we report averages over 25 simulations. We also do not allow for new

shock draws after rejection, consistent with ranking all nurseries truthfully at a single point in time,
without defining a strategy for optimally choosing which option to rank next.
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of results shows the predictions from the decentralized mechanism.30 Because it is

difficult to calculate welfare in this setting without further assumptions, column 2

replicates these results using a centralized algorithm.31 We follow He et al. (2024)

who impose stability in estimation in a decentralized setting, to then justify simulating

a counterfactual using a DA algorithm. Instead of using a standard DA algorithm,

we revert to the "Knapsack" DA (KDA) of Delacrétaz et al. (2023), which rejects

families who cannot be accommodated by the nursery.32 To stay close to the data, we

use the estimated acceptance probabilities, plus a noise term, to define priorities.33

Comparing the first two columns shows that we manage to replicate the decentralized

setting quite well for most outcomes, although we find slightly fewer matches among

the advantaged families.

In column 3, we remove the rank effect by giving all families the rank 1 acceptance

probability, eliminating the bonus for higher-ranked alternatives (which gives rise to

strategic ranking). This does not benefit any group: match rates remain similar, but

average welfare drops to 700 EUR for platform participants. The number of matches

with the first-ranked alternative also decreases.

Column 4 further equalizes conditions by giving all parents acceptance probabil-

ities as if they applied simultaneously, with the same available capacity. Results are
30We use the estimates of utility, the shock distribution, acceptance probabilities and CCPs to

predict the outcomes of the status quo. We also randomly allocate a share of the parents who
matched with a nursery to an outside option instead, based on the numbers of Table A12.

31As utility is scaled in daily prices, we can quantify changes in average parental wel-
fare by multiplying the utility of the allocated nursery with the total number of days
to attend. We proceed similarly for the public cost of a spot, given an estimate
of the daily cost, obtained from policy documents of government agency Kind & Gezin
for the year 2016, see https://www.kindengezin.be/sites/default/files/2021-12/subsidiebedragen-
kinderopvang.xlsx, downloaded in September 2024. Under some assumptions, we find a cost of
60EUR/day, minus the (after tax credit) income-based price paid for income-based spots and
3.4EUR/day + tax credit for fixed price institutions. We verified our assumptions by contact-
ing the government agency to compare our calculation method applied to the 2024 subsidies and
received almost identical numbers for the daily price.

32We thank the authors for providing their code on https://github.com/nhhai196/Refugee-
Resettlement, which we adapted to our setting.

33Priorities are set to be ln(qijr/(1 − qijr)) + eijr with eijr an extreme value type 1 shock with
scale parameter 0.9, calibrated to match the number of first-rank matches.
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similar to column 3, suggesting that earlier applications by disadvantaged families in

the decentralized setting would have little effect.

Columns 2-4 are decomposition exercises that would be hard to implement in

practice. If priorities depend on rank, families may misreport their preferences, and

eliciting priorities matching our estimated acceptance probabilities would be difficult.

The following simulations propose more realistic centralized mechanisms that are easy

to implement, align with nursery and policy priorities, and are incentive-compatible

for truthful ranking.34 We apply a transparent point system: sibling at the nursery

(4), working or studying (1), and living in the same neighborhood (1).35 For KUL

nurseries, the location point is replaced by a point for working at KUL.

Column 5 applies the point system with a random tie-breaker. Results are mixed:

disadvantaged families see slight gains in match rates and welfare, while advantaged

families lose. This likely reflects that the point system aligns less with parental pref-

erences than the current acceptance probabilities, as both preferences and priorities

are negatively affected by travel time. Column 6 uses travel time as the tie-breaker

instead, which improves outcomes compared to the baseline: disadvantaged families

gain 900 EUR on average (up from 300), and advantaged families gain 500 EUR

instead of losing 500. Segregation rises in both cases, especially in the latter.

Finally, column 7 switches from KDA to KTTC, the "knapsack" variant of Top-

Trading Cycles (TTC). KTTC is Pareto efficient and thus expected to increase wel-

fare, but it can generate justified envy, which DA avoids. We define envy here in the

traditional sense, meaning that one can be envious of someone who got a spot, also

if this was due to requesting other days of the week. Still, we see very little envy

in our point-based KDA mechanisms, while 42% of families suffer from this in the

KTTC mechanism. However, KTTC wins the game for one of the main outcomes we
34Unlike DA, KDA can be manipulable and may need adjustment: Delacrétaz et al. (2023) propose

a TKDA system, which performs slightly worse (Appendix Table A16). Our main policy proposals
use a KTTC mechanism, which avoids this issue.

35Values inspired by Table A17, regressing nurseries’ self-reported priorities on characteristics
(Appendix A.4).
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care about: participation by disadvantaged families. The rate of unmatched disad-

vantaged families is now only 34% instead of 37% in KDA. Advantaged families also

gain. Both groups gain around 1000 EUR extra welfare compared to the baseline,

while the KDA only achieves an average of 600 EUR. Segregation is still higher than

in the baseline, but lower than in KDA.

7.2 Affirmative action

In Table 8 we consider four different affirmative action policies. In all four cases,

we implement a dynamic version of a soft-bounds policy. Such a policy prioritizes

disadvantaged children until a quota is reached, but still allows other children to

fill remaining seats if the quota is not met (Ehlers et al., 2014). We adapt this to

our sequential setting by modifying priorities: disadvantaged children are given higher

priority in income-based nurseries that did not reach the quota in the previous period.

Since 28% of children are disadvantaged, we set the quota at 30%. Appendix Table

A16 also reports results for a 20% quota.

We use KTTC without affirmative action as a benchmark and modify priorities

in column 2. This leads to a substantial reduction in the unmatched rate among dis-

advantaged families (22% instead of 34%) and an average welfare gain of about 1,900

EUR for them. Advantaged families lose around 1,400 EUR. Somewhat surprisingly,

segregation increases slightly.

Column 3 instead uses a KDA mechanism. As before, this entails a welfare loss

relative to KTTC, but it substantially reduces justified envy. In addition, segre-

gation now decreases markedly. The contrast reflects how priorities operate across

mechanisms. Under KDA, affirmative action mainly benefits disadvantaged fami-

lies by assigning them to nurseries where they are underrepresented, which reduces

segregation. Under KTTC, higher priorities at nurseries that advantaged families

particularly value can instead be used to form cycles, allowing disadvantaged families
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Table 8: Simulations: affirmative action

Base Affirmative action
Mechanism: KTTC KTTC KDA KTTC KTTC
Compensation: + Cap 9% + av price
Match (share of families)
Unmatched 0.32 0.32 0.34 0.26 0.32

Advantaged 0.31 0.36 0.38 0.30 0.35
Disadvantaged 0.34 0.22 0.25 0.17 0.26

Match with rank 1 0.55 0.52 0.46 0.54 0.52
Advantaged 0.56 0.50 0.46 0.52 0.50

Disadvantaged 0.52 0.55 0.44 0.58 0.58

With envy 0.42 0.46 0.20 0.42 0.45
Advantaged 0.42 0.51 0.27 0.48 0.51

Disadvantaged 0.44 0.33 0.01 0.29 0.30

Welfare (∆/capita in 1000 EUR)
Parental benefit -0.47 -0.84 0.76 -0.31

Advantaged -1.40 -1.54 0.06 -0.59
Disadvantaged 1.87 0.93 2.52 0.40

Government cost 0.00 -0.20 1.24 0.00

Segregation (0 to 1)
Dissimilarity 0.28 0.30 0.20 0.32 0.32
Gini 0.39 0.41 0.31 0.43 0.43

Simulations of KTTC and KDA mechanisms with priority rule: points for having
a sibling at the institution (4), working or studying (1), and living in the same
neighborhood (1). For KUL-owned nurseries, we replace the location preference
by a preference for working at KUL. Travel time between the nursery and the
home location is used as a tie-breaker. Affirmative action: absolute priority for
disadvantaged families if their current rate is below 30 %. Pricing, capacity and
affirmative action policies considered here only affect income-based nurseries. "+
cap 9%" adds 9% of capacity. "+av price" applies the after tax cut average price
of 10.5 EUR per day for all. Envy is defined as preferring an alternative nursery
in which they have a higher priority than any family matched in the same period.
Welfare differences are calculated with respect to the base (i.e. KTTC, no change
in prices or capacity and no affirmative action). We report averages over 25
simulations for the last 12 matching periods.
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to access more preferred options.36 Since both groups are always better off under

KTTC, we maintain this mechanism in what follows.

Columns 4 and 5 aim to compensate advantaged families for their losses. We

find that they are indifferent when income-based capacity increases by 9%, at a fiscal

cost of roughly 1200 EUR per applicant. Compensation without government spend-

ing is not feasible unless pricing becomes regressive. Column 5 abolishes progressive

pricing in a budget-neutral way by charging a uniform price to all families. This,

however, is still insufficient to fully compensate advantaged families. Notably, dis-

advantaged families would nevertheless prefer this policy to the current progressive

scheme without affirmative action.

7.3 Importance of prices and capacities

Table 9 simulates alternative policies for income-based institutions. In all simulations,

we use the KTTC algorithm with a point system and travel-time tie-breaking.

Column 2 highlights the role of progressive pricing by requiring all families to

pay the maximum income-based price. Although the after-tax price of 23 EUR per

day remains well below costs and international benchmarks, it raises the unmatched

rate among disadvantaged families from 34% to 49% and leads to substantial welfare

losses for parents. The larger reduction in government spending underscores the

distributional concerns and potential externalities motivating public intervention.

Column 3 shows that making day care free has little effect on matching outcomes

but substantially increases public spending (about 2,900 EUR per applicant), with

most of the gains accruing to advantaged families who currently pay higher prices.

Column 4 increases progressivity by requiring families in the highest income tercile to

finance free day care for those in the lowest tercile. While this redistributes welfare

toward disadvantaged families, it does not meaningfully reduce their unmatched rate,
36Appendix A.5 shows that segregation would be similar if all families were assigned to their

preferred nursery, and decomposes the utility channels behind this result.
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even though more than 75% of them are affected.

The final two columns are the policies that were combined with affirmative action

policies in the previous table. Budget-neutral flat pricing redistributes welfare from

disadvantaged to advantaged families and increases the unmatched rate for disadvan-

taged children by 5 percentage points. Increasing capacity by 9% at the start of the

simulations raises participation by 5 percentage points for advantaged families and

by 6 percentage points for disadvantaged families.37 This policy costs about 1,200

EUR per applicant, but increases parental welfare by a similar amount, implying that

even modest positive externalities of day care would make capacity expansion welfare

improving.

8 Conclusion

Disadvantaged children often do not enter day care, despite well-documented gains.

We estimate preferences using a novel method on unique data of parents’ applica-

tion decisions and day care acceptance decisions, and use these estimates to study

how centralized matching mechanisms can increase welfare and improve access for

disadvantaged children.

Our results have clear policy implications. First, a centralized matching algo-

rithm is feasible and benefits disadvantaged families.38 Designing priorities to reflect

key preference shifters, such as travel time, is important. Second, affirmative action

policies are easy to implement in a centralized system and effectively increase par-

ticipation by disadvantaged children. However, they may raise segregation and are

generally disliked by advantaged families. Third, subsidized prices are crucial for dis-

advantaged families’ participation. Since out-of-pocket fees are already low, further

price progressivity yields limited gains. In contrast, expanding subsidized capacity
37Recall that results are reported for the final 12 of 20 periods.
38Our proposed mechanism also improves outcomes for advantaged families relative to the repli-

cated decentralized mechanism. However, since we do not fully match their observed match rates,
we interpret these gains with caution.
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Table 9: Simulations: prices and capacity

Base Price Price Price Price Capacity
High Free More prog Average Extra 9%

Match (share of families)
Unmatched 0.32 0.34 0.32 0.32 0.33 0.26

Advantaged 0.31 0.29 0.31 0.32 0.30 0.26
Disadvantaged 0.34 0.49 0.35 0.33 0.39 0.28

Match with rank 1 0.55 0.57 0.53 0.55 0.56 0.57
Advantaged 0.56 0.58 0.54 0.56 0.56 0.58

Disadvantaged 0.52 0.57 0.51 0.51 0.54 0.55

With envy 0.42 0.31 0.47 0.43 0.41 0.38
Advantaged 0.42 0.32 0.47 0.42 0.41 0.38

Disadvantaged 0.44 0.27 0.48 0.45 0.40 0.40

Welfare (∆/capita in 1000 EUR)
Parental benefit -2.19 2.54 -0.03 0.33 1.20

Advantaged -1.70 3.19 -0.22 0.93 1.41
Disadvantaged -3.41 0.93 0.47 -1.20 0.67

Government cost -3.41 2.89 0.05 0.10 1.22

Segregation (0 to 1)
Dissimilarity 0.28 0.31 0.28 0.28 0.29 0.28
Gini 0.39 0.43 0.38 0.39 0.40 0.39

Simulations of KTTC mechanisms with priority rule: points for having a sibling at the
institution (4), working or studying (1), and living in the same neighborhood (1). For
KUL-owned nurseries, we replace the location preference by a preference for working at
KUL. Travel time between the nursery and the home location is used as a tie-breaker.
Pricing and capacity policies considered here only affect income-based nurseries. "High
price" set prices to the after tax cut maximum of 23.09 EUR per day. "More prog price"
sets price to 0 for those who currently have a pre-tax price below 10, and increases it by
their average (2.75 EUR per day) for those with a pre-tax price above 20. "Average price"
are set to the after tax cut average of 10.5 EUR per day for everyone. Income-based
capacity increased by 9 % in last column. Envy is defined as preferring an alternative
nursery in which they have a higher priority than any family matched in the same period.
Welfare differences are calculated with respect to the base (i.e. no change in prices or
capacity). We report averages over 25 simulations for the last 12 matching periods.
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substantially increases participation, and its public cost is justified by the welfare

gains.

Further research could explore how to handle cases where parents are flexible in the

timing of their demand, both within a week and across enrollment months. It would

also be valuable to examine how improved matching policies affect parents’ labor

market outcomes and children’s educational outcomes, to micro-found the estimated

parental welfare gains and quantify additional benefits from positive externalities.
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A Appendix

A.1 Data cleaning

A.1.1 Datasets received

In march 2017, we received three datasets from the platform that manages day care

allocation in the city of Leuven, kinderopvang.be. The dataset was created by an IT

consulting firm that manages the platform. The data were collected with the purpose

of managing the platform, we obtained a snapshot in March 2017, but also historical

data that was collected in the preceding years. Note that the data contains both day

care data, as well as after-nursery day care for toddlers. In the data cleaning, we will

restrict this to day care (before age 2.5).

• bestand_akdv.csv

This file lists the rankings of families over day care centers. Each line corresponds to

an action by the family (id = dossiernr), such as adding an alternative to the rank-

ordered list, or the day care (“opvanginitiatief”), such as offering a spot. This dataset

also contains characteristics of the family, the requested (half)days of day care and

the time span for which they want it, as well as a timestamp (“aanmaakdatum”) for

each entry. Time stamps range from November 2011 until March 2017.

• bestand_inschrijving.csv

This file lists the enrollment of children over day care centers and childminders. Each

child can go to more than one place, therefore each line corresponds to a child

(id=dossier_nr) - day care (“opvanginitiatief”) combination. It also contains the

time span and days of the week the day care is used and for some day cares the price

that is paid. Starting dates range from January 2003 (ignoring likely mistakes) until

October 2019. End dates range from March 2004 until January 2027.

• bestand_opvanglocaties.csv
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This file contains information of each day care such as address, name, id and capacity

at different moments in time. We also supplement it with information recovered from

website kinderopvangleuven.be.

• priorityscores.xlsx

We added an excel file using print screens taken in November 2023 and sent by Loket

Kinderopvang Leuven of the priority scores that are used by some nurseries to sort

applications.

A.1.2 Data cleaning

For the purpose of this paper, we restrict our attention to a subset of the data. As

the platform gradually started in 2011 and we received a snapshot at the beginning

of 2017, we restrict attention to familiesthat want to start day care between week

26 of 2013 and week 52 of 2016. We also ignore requests made before week 26 of

2012. Since the enrollment data also includes children allocated before the start of

the system, we can use information on all allocated children during this time period

too. Table A10 summarizes the data cleaning and sample selection process.

We restrict attention to day cares that target <2.5 year olds. To do this we

calculate the number of children starting in each day care that are younger and older

than age 2 at the moment they start. If less than 10% is younger than age 2, we

assume it is not a day care. For day care centers we observe this information and it

confirms the use of this cutoff.

We restrict attention to children living within 20km of the centroid of the city of

Leuven. We only consider day care centers that are considered by at least 50 families

over the relevant sample. We restrict attention to first allocations and first accepted

offers.

For the purpose of creating day care characteristics, such as % disadvantaged

children, we did not drop observations and used all available information.
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Table A10: Data selection

Total number
of children

All rankings before data cleaning 11959
Drop information that is not about a ranked alternative 11496
Drop childminders 11460
Dropping if requested starting date before 2013w26 8841
Dropping if requested starting date after 2016w52 5864
Drop observations with negative requested duration 5858
Drop orderings after first allocation 5704
Drop orderings after requested starting date 5679
Drop if more than 20km from centroid Leuven 5383
Drop if request made before 2012w26 5348
Drop if the highest rank is no longer included because of previous drops 5272
Drop if starting before or on the day of ranking the alternative 5119
Drop entire observation if request day care that we omitted 5110
Drop if missing observables (not possible) 5110
Drop if gaps in ranking 5011
Drop if unable to find travel time 4922

A.2 Impact of the 2014 policy change

The 2014 policy change (see section 2.1) aimed to increase the participation of disad-

vantaged children by requiring income-based institutions to prioritize them. Figure

A1 shows that the share of disadvantaged groups increases after the policy change

for both types of priority groups. Income-based institutions saw an increase, while

fixed-price institutions saw a decrease. Note that almost 90 % of the capacity is in

income-based institutions, showing this is not just a compositional shift. However, we

should be cautious in interpreting this result as we cannot exclude other changes over

time. Because of equilibrium effects, the SUTVA assumption is violated for fixed-

price institutions so we cannot use them for a difference-in-differences estimator.39 It

is also unclear how the policy was enforced as nurseries are not fined if they can argue

why compliance was difficult, e.g. due to a lack of demand from priority groups.
39We also noticed that the share of children of different groups finding a match (not shown here)

remains constant over time, casting doubt on the policy having an impact on the acceptance behavior
of nurseries.
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Figure A1: Share of priority groups in day care

Note: the 20% and 30% priority groups refer to definitions of disadvantaged groups defined by
government policy, explained in section 2.1. The vertical line denotes the start of the new priority
policy.

Figure A2: Dissimilarity index by priority groups in day care

Note: the 20% and 30% priority groups refer to definitions of disadvantaged groups defined by
government policy, explained in section 2.1. The vertical line denotes the start of the new priority
policy. The dissimilarity index takes the sum of the absolute difference in the relative share of each
group within each day care and divides it by 2. Higher numbers denote more segregation.
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Figure A2 shows the dissimilarity index to describe how segregation differs after

the policy change. Interestingly, the increase in attendance of disadvantaged children

goes along with an increase in segregation. This goes against the common intuition

in school choice. Offering better opportunities for disadvantaged children is expected

to give them access to better schools that are usually dominated by advantaged

children. This figure suggests this is not necessarily the case for day care. Again,

caution is advised as other things might have changed over time. For example, we

see that segregation was decreasing before the policy change, so it is possible there is

a downward trend over time which would lead to an underestimation of the effects of

the policy change based on this figure.

A.3 Appendix Tables and Figures

Table A11: Day care characteristics in December 2016

Unweighted Weighted by capacity
Obs Mean Std. Dev. Obs Mean Std. Dev.

Overall
Capacity 108 19.796 32.743 2,138 73.452 63.165
Income-based 108 0.870 0.337 2,138 0.917 0.276
Nursery 108 0.370 0.485 2,138 0.870 0.336

Nurseries only
Capacity 40 46.525 42.147 1,861 83.752 61.355
Income-based 40 0.825 0.385 1,861 0.927 0.260
KUL 40 0.125 0.335 1,861 0.215 0.411
Distance to city center (km) 40 2.632 1.663 1,861 2.404 1.459
Distance to east (km) 40 3.029 1.482 1,861 3.258 1.436
Distance to north (km) 40 4.787 1.905 1,861 5.119 1.691
Distance to south (km) 40 4.157 2.001 1,861 3.637 1.883
Distance to west (km) 40 3.868 2.039 1,861 3.313 2.051
Operating hours 40 10.961 0.887 1,861 11.474 1.167

Child care characteristics in December 2016.
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Figure A3: Segregation in day care

Notes: Nurseries are ranked from lowest to highest share of advantaged children. The x-axis shows
the cumulative share of disadvantaged children and the y-axis the cumulative share of advantaged
children. Perfect integration corresponds to the 45◦ line. The figure indicates segregation: day cares
serving 40% of disadvantaged children account for slightly less than 20% of advantaged children.
This pattern is reflected in a Gini coefficient of 0.37 and a dissimilarity index of 0.26. The Gini
coefficient measures the area between the segregation curve and the 45◦ line relative to the total
area under the 45◦ line. The dissimilarity index equals one half of the sum of absolute differences
in group shares across day cares.
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Table A12: Match statistics

Overall Advantaged Disadvantaged
Final allocation

Nursery 0.682 0.699 0.633
Childminder 0.069 0.052 0.115

None 0.249 0.249 0.252

Behavior after acceptance nursery (3762 children)
Nursery: highest offer 0.752 0.764 0.714

Nursery: lower offer 0.044 0.045 0.041
Nursery: no offer 0.051 0.049 0.058

Childminder 0.036 0.030 0.056
Leave 0.116 0.112 0.131

Behavior after no offers nursery (1160 children)
Childminder 0.174 0.135 0.246

Leave 0.682 0.768 0.522
Nursery: no offer 0.144 0.097 0.232

This table shows how well the results of the ranking system correspond with
actual attendance behavior. The large majority of families comply with the
system. After acceptance by a nursery, 75% of families attend their highest
accepted alternative. 3.6% instead chooses a childminder and 12% does not
end up going anywhere. In 4.4% of cases, the family does not follow the rank
order and goes to a lower-ranked, accepted alternative, while in 5.1% of cases
they go to a place they did not rank. Differences between advantaged and
disadvantaged groups are small. Out of the families who are not accepted
by any nursery, the majority do not go to day care in Leuven, but we see a
more substantial number of disadvantaged children still being allocated to a
childminder or nursery.
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Table A13: Demand side: estimation results (2 of 3)

Advantaged Disadvantaged
coef se coef se

βs in equation (1)
Operating hours 5.558 (1.061) 4.126 (0.827)

× Type B 0.771 (0.279) -1.131 (0.255)
× No Dutch -1.969 (0.617) -0.604 (0.301)

× Low income -0.146 (1.116) -0.172 (0.428)
× Single parent 0.100 (0.383)

× Low education 0.979 (0.988) 0.047 (0.347)
× Work or study 0.064 (0.954) -0.382 (0.495)

Distance to center (km) -0.163 (2.388) -9.887 (1.800)
× Type B -7.929 (0.884) 12.396 (1.327)

× No Dutch -6.772 (1.319) -3.026 (0.731)
× Low income -4.603 (3.535) -1.211 (1.015)

× Single parent -2.502 (0.790)
× Low education -2.426 (2.074) -4.942 (0.950)
× Work or study 1.216 (2.259) 3.288 (1.062)

Distance to north (km) -6.242 (1.079) 2.619 (1.132)
× Type B 5.564 (0.424) -2.956 (0.518)

× No Dutch 3.651 (0.715) 0.821 (0.492)
× Low income 4.431 (1.617) 0.874 (0.553)

× Single parent 0.780 (0.495)
× Low education 0.839 (1.075) 0.786 (0.471)
× Work or study 1.121 (1.150) -1.481 (1.010)

Distance to east (km) 3.339 (1.391) 5.625 (1.051)
× Type B 2.358 (0.452) -4.202 (0.623)

× No Dutch 2.251 (0.854) 0.762 (0.443)
× Low income -1.455 (1.935) -1.056 (0.633)

× Single parent 0.670 (0.430)
× Low education 2.093 (1.553) 1.219 (0.606)
× Work or study -0.590 (1.312) -1.303 (0.674)

Distance to south (km) -7.478 (1.272) 2.052 (1.251)
× Type B 5.204 (0.507) -3.802 (0.608)

× No Dutch 3.000 (0.703) 0.137 (0.537)
× Low income 4.809 (1.764) 0.028 (0.672)

× Single parent 0.915 (0.535)
× Low education 0.014 (1.023) 1.942 (0.451)
× Work or study 0.705 (1.288) -1.079 (1.002)

Distance to west (km) 5.976 (1.638) 3.771 (1.300)
× Type B -1.669 (0.462) -3.464 (0.651)

× No Dutch 0.510 (0.991) 0.861 (0.582)
× Low income -1.413 (2.185) -0.216 (0.806)

× Single parent 0.888 (0.605)
× Low education 0.893 (1.549) 1.442 (0.610)
× Work or study -0.620 (1.487) -0.737 (0.746)

Utility scaled in daily prices. Other results can be found in Table 6 and
A14. Group-specific nursery fixed effects included. The constant and
baseline effects of operating hours and distances are obtained from a
second stage regression of the nursery fixed effects. Bootstrap standard
errors in parentheses, based on 50 replications.
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Table A14: Demand side: estimation results (3 of 3)

Advantaged Disadvantaged
coef se coef se

βs in equation (1)
Constant 25.519 (16.765) -68.796 (13.324)
Type B -83.947 (6.161) 73.627 (8.233)
No Dutch -6.040 (9.830) -0.521 (4.312)
Low income -24.978 (18.406) -2.479 (6.337)
Single parent 6.307 (10.336) -10.977 (6.270)
Low education -21.353 (14.278) -7.391 (5.793)
Work or study -7.935 (17.231) 19.410 (10.103)
Cluster 2 -9.185 (2.482) -6.993 (1.473)

× Type B 2.519 (0.837) -1.903 (0.622)
× No Dutch 4.507 (1.061) 1.435 (0.787)

× Low income 3.534 (2.312) 2.472 (0.968)
× Single parent 1.510 (0.847)

× Low education -1.360 (1.888) 1.888 (0.826)
× Work or study -3.940 (2.354) -2.420 (0.908)
Cluster 3 1.525 (2.051) 2.900 (1.276)

× Type B -1.180 (0.537) -1.208 (0.547)
× No Dutch -1.221 (0.957) -0.815 (0.725)

× Low income 3.162 (1.677) -0.987 (0.741)
× Single parent 0.102 (0.739)

× Low education -1.043 (1.239) -0.815 (0.736)
× Work or study 0.952 (1.835) -0.923 (0.815)
Cluster 4 4.302 (1.993) 3.580 (1.737)

× Type B 1.245 (0.645) -3.976 (0.641)
× No Dutch -0.469 (1.344) 0.375 (0.753)

× Low income -0.131 (2.608) 1.404 (0.857)
× Single parent -0.607 (0.859)

× Low education 4.877 (2.245) -0.559 (0.851)
× Work or study -2.062 (1.964) -1.398 (1.425)

Utility scaled in daily prices. Other results can be found in Table
6 and A13. Group-specific nursery fixed effects included. The
constant and baseline effects of operating hours and distances are
obtained from a second stage regression of the nursery fixed effects.
Bootstrap standard errors in parentheses, based on 50 replications.
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Table A15: Average marginal effects of logit predicting probability to be strategic

(1) (2)
Advantaged Disadvantaged

Type B 0.010 0.057
(0.009) (0.017)

Weeks left -0.002 -0.001
(0.000) (0.000)

No Dutch -0.012 -0.043
(0.011) (0.017)

Low income -0.018 0.023
(0.023) (0.020)

Low education -0.020 -0.010
(0.019) (0.020)

Work or study 0.029 0.027
(0.016) (0.023)

Single parent 0.041
(0.020)

Standard errors in parentheses
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Table A16: Simulations: appendix

Mechanism: KTTC KTTC KTTC KDA TKDA
AA threshold: 30% 20%
Match (share of families)
Unmatched 0.32 0.32 0.32 0.34 0.35

Advantaged 0.31 0.36 0.34 0.33 0.34
Disadvantaged 0.34 0.22 0.28 0.37 0.37

Match with rank 1 0.55 0.52 0.53 0.49 0.48
Advantaged 0.56 0.50 0.53 0.50 0.49

Disadvantaged 0.52 0.55 0.54 0.45 0.44

With envy 0.42 0.46 0.44 0.01 0.00
Advantaged 0.42 0.51 0.47 0.01 0.00

Disadvantaged 0.44 0.33 0.38 0.02 0.00

Welfare (∆/capita in 1000 EUR)
Parental benefit -0.47 -0.23 -0.39 -0.49

Advantaged -1.40 -0.71 -0.44 -0.55
Disadvantaged 1.87 0.98 -0.26 -0.32

Government cost 0.00 -0.02 -0.19 -0.27

Segregation (0 to 1)
Dissimilarity 0.28 0.30 0.28 0.32 0.32
Gini 0.39 0.41 0.38 0.43 0.43

Simulations of KTTC, KDA and TKDA mechanisms with priority rule:
points for having a sibling at the institution (4), working or studying (1),
and living in the same neighborhood (1). For KUL-owned nurseries, we
replace the location preference by a preference for working at KUL. Travel
time between the nursery and the home location is used as a tie-breaker.
Affirmative action (AA): absolute priority for disadvantaged families if
their current rate is below 20 or 30 %. Envy is defined as preferring
an alternative nursery in which they have a higher priority than any
family matched in the same period. Welfare differences are calculated
with respect to the base (i.e. KTTC and no affirmative action). We
report averages over 25 simulations for the last 12 matching periods.
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A.4 Acceptance probabilities

This appendix discusses the estimation and results of the acceptance probabilities

qijr, which serve as beliefs for strategic agents in our demand model.

A.4.1 Duration model

When parents rank a nursery, nurseries can respond by providing an offer, or by

rejecting them. Note that parents can stay on a waiting list when the nursery rejects

them but no longer considers them if they accept another offer (or leave). The data

on acceptance should therefore be interpreted as survival data with right-censoring.

Another reason to consider censoring is that parents need day care by a specified

date.

Let qijr be the probability for family i to receive an offer from alternative j in rank

r. We assume that the time it takes to be accepted follows a Weibull distribution.

qijr is then given by the counterpart of the survival function at the time of the slot:

qijr = 1 − exp(−λijrι
p
i ). (6)

We specify λijr = exp(Zijrα) with Zijr a vector of family and nursery characteris-

tics, and dummy variables for the rank and nursery. Note that nursery characteristics

can change over time. We use them at the time the family i ranks them. ιi denotes

the number of weeks between the application and the starting date. α and p are

parameters to estimate.40

We observe the decisions made by nurseries when they receive an application and

use this to estimate acceptance probabilities qijr, given by equation (6), and estimated

via a Weibull duration model. We include a rich list of variables, most of which are

also included in the demand model. Several are expected to have an important impact.
40Note that households can add alternatives to their ROL at a later time, thereby requesting spots

at different times. This will change the relevant time lag and the time-varying nursery characteristics.
We abstract from this in the notation here but allow for it in estimation.
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Many nurseries announce that they prioritize siblings, and KUL facilities prioritize

their own employees. Importantly, we also include several variables that are excluded

from demand. This improves the prediction of qijr and identifies the share of strategic

families in the sample, without relying on arbitrary functional form assumptions:

Exclusion restrictions

Points Each nursery can give points for observable family characteristics. When

they sort families to allocate, they can do this based on the points they have. It could

therefore be reflective of the preferences of a specific nursery. To make the points

comparable across nurseries, we normalize them to be mean 0 and standard deviation

1 within each nursery. We include them for the 24 out of 45 nurseries that make use of

this and add a dummy for making use of the points system (in specifications without

fixed effects). Table A17 shows a linear regression of the normalized points on the

characteristics used. We see that sibling, same neighborhood and the KUL priority

are often attributed a large number of points, but also the disadvantaged category is

used, suggesting that nurseries take into account the priority policy.

Available capacity We calculate the available capacity for each requested day

at the time a family i applies for a spot. To know the relevant available capacity for

each day requested in nursery j, we subtract the enrolled children that applied before

i from the total capacity of each specific day. We use the share available and we then

take the minimum value over all days requested as a variable to include.

Timing We include the total number of days requested and dummy variables

for each day of the week requested (omitting Monday), each month of the year and

each year. We also include the age of the child at entry, the total weeks demanded

and a polynomial for the time left until the starting date.
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Table A17: Points used by nurseries (standardized)

Variables coef se
Sibling 3.942 (0.608)
KUL priority 0.550 (0.095)
Disadvantaged 0.699 (0.189)
30% priority group -0.045 (0.058)
Work or study 0.084 (0.033)
Low income 0.072 (0.045)
Single parent 0.030 (0.078)
At least 5 days per week 0.031 (0.049)
Same neighborhood 0.663 (0.189)
Rank = 1 0.153 (0.121)
Rank = 2 0.060 (0.051)
Constant -0.589 (0.103)

Observations 15,334
R-squared 0.563
Standard errors clustered within nursery.

Rank As nurseries can see their rank, we include dummy variables for rank 1 to

5 and one for 6 or higher. This is to account for the fact that nurseries might prefer

to be better ranked, as was for example the case for schools in New York when it was

using a similar decentralized matching system (Abdulkadiroğlu et al., 2017).

Policy target We calculate how much an income-based nursery is currently

below its yearly target of 20% disadvantaged children for each year a family requests.

We set it to 0 if the end of the year still takes more than 6 months or if they are

above the target.

Discontinuities in location In the demand model, we use travel time by car

and the relative difference by public transportation. For the acceptance probabilities,

we still control for travel time by car but we also account for discontinuities by

including a dummy for living in the official neighborhood of the nursery as this is also

a criterion used for the points.
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A.4.2 Estimates

Table A18 and A19 show the estimates of α in three specifications. The final one

is the richest and is also used in the paper to calculate qijr. Marginal effects on qijr

are discussed in the main text and can be found in Table A20. The signs in the

estimation table can be interpreted as an increase (+) or decrease (-) in the hazard to

receive an acceptance. For dummy variables, it is also easy to interpret the magnitude

of the effect by exp(α), which denotes the hazard ratio of an agent with dummy =

1, compared to 0. It also shows an estimate of ln p. As this is negative in each

specification, it shows that the hazard of being accepted decreases over time.41

The first specification includes only a dummy for being disadvantaged. We find a

negative impact corresponding to a hazard rate of 85% of that of advantaged families

(exp(−0.160) = 0.85). The second specification adds the variables that are excluded

from demand but expected to influence acceptance probabilities. Indeed, we see

positive effects of points, available capacity and higher-ranked nurseries. Especially

the latter is important to highlight: the hazard ratio is only 30% for an alternative

ranked second instead of first. Surprisingly, the effect of the 20% priority policy goes

in the opposite direction but is also imprecisely estimated.

The final specification adds the variables also used in the demand model and

interacts all with the disadvantaged status. We add nursery fixed effects in this spec-

ification, but let heterogeneity by disadvantaged status go through observables and

clusters as some nurseries send very few acceptances to this group (clusters were de-

fined in the paper when discussing heterogeneity on the demand side). The main text

provides a more detailed analysis of the quantitative importance of different variables

by using a marginal effects approach, but it is useful here to highlight the impact

on estimates of adding more controls. The effect of points becomes negligible once
41Note however that it is partly counter-balanced by the tendency to prioritize urgent requests,

captured by a polynomial in months between the date of demand and requested starting date. It
is important to keep in mind that we condition on available capacity (which decreases when the
deadline approaches) and that these are effects on the hazard, not on the predicted acceptance
probability which also directly depends (positively) on the time available (see ι in (6)).
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Table A18: Supply side: estimation results (part 1 of 2)

(1) (2) (3)
coef se coef se coef se

Disadvantaged -0.160 (0.036) -0.421 (0.043) 0.000 (0.927)
Points 0.250 (0.010) 0.045 (0.022)

× disadvantaged -0.038 (0.038)
% capacity 0.568 (0.075) 1.068 (0.119)

× disadvantaged -0.048 (0.210)
Weeks demanded 0.001 (0.001) 0.002 (0.001)

× disadvantaged -0.001 (0.002)
Age at start -0.004 (0.001) -0.002 (0.001)

× disadvantaged 0.001 (0.002)
Days per week 0.031 (0.051) 0.140 (0.056)

× disadvantaged -0.426 (0.136)
Tuesday -0.098 (0.086) -0.171 (0.095)

× disadvantaged 0.539 (0.232)
Wednesday -0.029 (0.068) -0.077 (0.076)

× disadvantaged 0.371 (0.177)
Thursday -0.093 (0.074) -0.135 (0.082)

× disadvantaged 0.083 (0.188)
Friday 0.226 (0.071) 0.128 (0.078)

× disadvantaged 0.509 (0.189)
Saturday 0.492 (0.247) 0.925 (0.309)

× disadvantaged -0.826 (0.548)
Below target priority policy 0.091 (0.045) 0.050 (0.057)

× disadvantaged -0.163 (0.087) -0.085 (0.113)
Same neighborhood 0.052 (0.044) 0.108 (0.054)

× disadvantaged -0.062 (0.114)
Rank: 2 -1.213 (0.046) -1.257 (0.055)

× disadvantaged 0.493 (0.108)
Rank: 3 -1.516 (0.054) -1.562 (0.065)

× disadvantaged 0.537 (0.124)
Rank: 4 -1.653 (0.060) -1.696 (0.072)

× disadvantaged 0.433 (0.139)
Rank: 5 -1.681 (0.065) -1.811 (0.079)

× disadvantaged 0.668 (0.145)
Rank: >5 -1.344 (0.050) -1.438 (0.059)

× disadvantaged 0.327 (0.119)
Ln(p) -0.513 (0.014) -0.332 (0.014) -0.270 (0.013)
Constant -3.551 (0.033) -0.738 (0.164) FE
Observations 23,596 23,596 23,596

Polynomial months remaining NO YES YES
Month of year FE NO YES YES
Year FE NO YES YES
Family controls NO NO YES
Nursery controls NO NO YES
Nursery FE NO NO YES

Specification (3) shows the estimates of α in equation (6). Family and nursery controls can be
found in Table A19. Standard errors in parentheses.
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Table A19: Supply side: estimation results (part 2 of 2)

(3)
coef se

Share disadvantaged 0.824 (0.355)
× disadvantaged -0.526 (0.558)

Income-based × disadvantaged 0.079 (0.197)
Distance to north (km) × disadvantaged -0.157 (0.056)
Distance to east (km) × disadvantaged -0.032 (0.071)
Distance to south (km) × disadvantaged -0.249 (0.069)
Distance to west (km) × disadvantaged 0.085 (0.095)
Hours × disadvantaged 0.094 (0.058)
Cluster 2 × disadvantaged 0.321 (0.205)
Cluster 3 × disadvantaged -0.438 (0.137)
Cluster 4 × disadvantaged -0.737 (0.188)
Travel time (min per trip) -0.022 (0.004)

× disadvantaged 0.002 (0.009)
Sibling 1.498 (0.086)

× disadvantaged 0.275 (0.193)
KUL priority 0.929 (0.098)

× disadvantaged 0.098 (0.148)
Low income 0.006 (0.124)

× disadvantaged 0.179 (0.163)
No Dutch -0.340 (0.057)

× disadvantaged 0.070 (0.090)
Single parent -0.109 (0.364)

× disadvantaged 0.228 (0.372)
Low education 0.045 (0.091)

× disadvantaged 0.078 (0.121)
Work or study 0.038 (0.110)

Specification (3) shows the estimates of α in equation (6). Other
estimates can be found in Table A18. Standard errors in parentheses.
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we account for the characteristics that define them, meaning that nursery-specific

differences are minimal. Available capacity now has a more important effect in this

improved specification and the rank is still (equally) important for advantaged fami-

lies. This also holds for disadvantaged families, but they benefit less from the available

capacity (although the interaction effect is imprecise) and from a better rank. The

20% target no longer has the opposite effect but results are now insignificant for

both groups, suggesting little impact of the current priority policy. The main effects

coming from variables that also enter demand (Table A19 ) are in line with our ex-

pectations. For advantaged children, having a sibling increases the hazard by a factor

4 (=exp(1.493)) and being employed by KUL increases it by a factor 2.6 at their

institutions. For disadvantaged families, the effects are even slightly larger but not

in a statistically significant way.
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Table A20: Acceptance probabilities: average marginal effects

Advantaged Disadvantaged
coef se mean sd coef se mean sd

Points 0.006 (0.003) -0.112 (0.759) 0.001 (0.003) 0.299 (0.930)
% capacity 0.133 (0.015) 0.006 (0.252) 0.112 (0.026) -0.046 (0.248)
Weeks demanded 0.000 (0.000) 121.316 (33.013) 0.000 (0.000) 112.961 (38.753)
Age at start -0.000 (0.000) 27.135 (23.507) -0.000 (0.000) 35.129 (28.940)
Days per week 0.017 (0.008) 4.335 (0.896) -0.031 (0.015) 4.546 (0.827)
Tuesday -0.022 (0.011) 0.915 0.036 (0.020) 0.942
Wednesday -0.010 (0.010) 0.841 0.030 (0.016) 0.862
Thursday -0.017 (0.011) 0.895 -0.006 (0.017) 0.924
Friday 0.016 (0.009) 0.819 0.059 (0.015) 0.873
Saturday 0.152 (0.083) 0.003 0.011 (0.055) 0.008
Below target priority policy 0.006 (0.008) 0.258 (0.438) -0.004 (0.011) 0.255 (0.436)
Same neighborhood 0.014 (0.008) 0.119 0.005 (0.012) 0.111
Rank 2 instead of 1 -0.126 (0.005) 0.169 -0.072 (0.008) 0.168
Rank 3 instead of 1 -0.144 (0.004) 0.156 -0.090 (0.008) 0.157
Rank 4 instead of 1 -0.149 (0.004) 0.140 -0.103 (0.007) 0.150
Rank 5 instead of 1 -0.150 (0.004) 0.123 -0.094 (0.007) 0.135
Rank >5 instead of 1 -0.143 (0.005) 0.197 -0.098 (0.008) 0.199
11m ahead vs 12m ahead -0.000 (0.000) 0.167 -0.000 (0.000) 0.107
10m ahead vs 12m ahead -0.003 (0.002) 0.131 -0.005 (0.002) 0.086
9m ahead vs 12m ahead -0.007 (0.003) 0.063 -0.010 (0.003) 0.075
8m ahead vs 12m ahead -0.012 (0.004) 0.044 -0.016 (0.005) 0.076
7m ahead vs 12m ahead -0.017 (0.005) 0.039 -0.022 (0.007) 0.080
6m ahead vs 12m ahead -0.019 (0.007) 0.027 -0.026 (0.009) 0.044
5m ahead vs 12m ahead -0.018 (0.009) 0.022 -0.027 (0.010) 0.032
4m ahead vs 12m ahead -0.011 (0.011) 0.025 -0.024 (0.012) 0.049
3m ahead vs 12m ahead 0.003 (0.012) 0.019 -0.015 (0.014) 0.044
2m ahead vs 12m ahead 0.024 (0.013) 0.025 -0.001 (0.015) 0.059
1m ahead vs 12m ahead 0.034 (0.013) 0.038 0.005 (0.015) 0.135
Share disadvantaged 0.103 (0.044) 0.199 (0.121) 0.033 (0.061) 0.250 (0.156)
Sibling 0.280 (0.021) 0.022 0.331 (0.038) 0.015
Low income 0.001 (0.015) 0.030 0.019 (0.010) 0.822
No Dutch -0.039 (0.006) 0.170 -0.030 (0.008) 0.513
Single parent -0.013 (0.044) 0.006 0.013 (0.009) 0.356
Low education 0.006 (0.012) 0.046 0.014 (0.008) 0.216
KUL priority 0.143 (0.014) 0.135 0.152 (0.027) 0.059
Work or study 0.005 (0.012) 0.958 -0.007 (0.010) 0.868
30% priority group -0.021 (0.014) 0.000 -0.021 (0.015) 0.872

Average marginal effects for qijr are calculated as follows: for dummy variables, we take the difference between predicted
probability when the dummy is set to 1 and when the dummy is set to 0. For other variables we take the difference
when 0.01 is added and divide it by 0.01. For timing variables, we take into account their impact on the hazard through
the polynomial that enters Zijr, as well as the impact of longer exposure through ι (see equation (6)). Standard errors
calculated using a bootstrap procedure. Mean is the mean over all i − j combinations that are ranked. Note that the
average available capacity is negative for disadvantaged families. This is possible because reported capacity is only a
proxy for actual available capacity: nurseries may anticipate absences due to illness or non-enrollment after acceptance.
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A.5 Affirmative action in KTTC and decomposing segrega-

tion

As explained in the text, segregation increases in KTTC affirmative action policies

when preferences of both groups are very different. In this appendix, we first show

that demand rather than supply (acceptance) is crucial to explain segregation. To

do this, we simulate demand in a world without capacity constraints. This allows

us to isolate demand and see its contribution to segregation. Figure A4a plots the

segregation curve for both the actual data and the simulations under full capacity.

The two overlap almost everywhere, suggesting a strong impact of the demand-side

in explaining segregation. We subsequently replace the utility of different channels

with their sample average to consider their role in explaining segregation. Figure

A4b shows that segregation is mainly explained by two types of geographic concerns.

First, there is the home location (captured by travel time to home by car, and the

relative difference by bus). Since both groups care a lot about being close to home,

residential segregation is strongly reflected in day care segregation. Second, there are

heterogeneous preferences over location characteristics of the nursery, capturing other

location concerns that could reflect their work location or grandparents.42

42Appendix Table A21 summarizes all results of the simulations.

Table A21: Simulations: segregation

Baseline Spillover Home Other location Pricing Other Other
obs unobs

Match (share of families)
Unmatched 0.04 0.04 0.12 0.11 0.05 0.06 0.19

Advantaged 0.04 0.04 0.08 0.06 0.05 0.07 0.26
Disadvantaged 0.04 0.05 0.23 0.26 0.06 0.03 0.00

Segregation (0 to 1)
Dissimilarity 0.33 0.28 0.24 0.25 0.36 0.29 0.30
Gini 0.44 0.38 0.35 0.34 0.47 0.40 0.41

Simulations of first ranked alternative under different manipulations of utility: replacing an individual effect by its
average.
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Figure A4: Segregation curves in simulations

(a) Comparing data (allocation) to a scenario where
everyone can enter their most preferred alternative (de-
mand only).

(b) Demand decompositions*.

*The demand decompositions allow everyone to enter their most preferred alternative when the
utility of a particular (set of) variable(s) is replaced by the average in the sample. See Table A21
for the corresponding statistics.
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