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A unique dataset on applications and admissions to child care centers allowus to explore parental preferences for
child care center characteristics. We proceed to study how staff qualifications, experience and sickness absence,
as well as the proportion of male and immigrant staff, explain the cognitive development of children randomly
allocated to child care centers contingent on observable characteristics. Children who receive their first offer of
child care enrollment from a center with a high share of male staff, perform better on language tests in their
early school years. If the sickness absence is high in the center, child test scores are lower in both language and
mathematics.
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1. Introduction

It is well-documented that intensive and high-quality child care im-
proves the lives of deprived children (Almond and Currie, 2011; Baker,
2011; RuhmandWaldfogel, 2012; Blau and Currie, 2006). However, it is
still unclear which components of a child care program enhance child
development (Blau and Currie, 2006). While studies from the U.S.
seem to largely dismiss the role of structural quality, such as the share
of educated teachers and group size (Blau, 1999; Currie and Neidell,
2007; Walters, 2015), studies from European countries suggest that
structural indicators, as well as the teacher gender composition, may
improve child outcomes (Bauchmuller et al., 2014; Goertz et al.,
2018). Moreover, studies of process quality, reflecting the interaction
between the child and its caregivers (Blau and Currie, 2006), indicate
that teachers vary substantially in effectiveness (Araujo et al., 2016).
Given the surge in enrollment of children in child care1 across most
OECD countries during the last decade, as well as the quantity of subsi-
dies paid by many governments, it appears to be of great importance
that we improve our understanding of how child care quality can ad-
vance child outcomes.
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Taking advantage of child care assignment lotteries, a recent study of
child care in Norway reports that enrolling children aged 1–2 in child
care has positive impacts on their first-grade performance in language
andmathematics (Drange andHavnes, 2019).We rely on a similar iden-
tification and data to study how parents value structural quality inputs
in child care centers, and how these inputs explain child test scores dur-
ing early school years. Failure to take into account the parental selection
of centers will bias results, for example if parents who provide a home
environment fostering positive child development select child care cen-
ters that do so aswell. We address this challenge by exploiting a unique
data set from the municipality of Oslo containing applications to child
care centers, in addition to a system of quasi-random assignment. Dur-
ing the years covered by our data, child care centers in Oslo were
oversubscribed, and child care slots were allocated through a lottery.
While most children who wanted to attend a child care center would
eventually enroll, the majority ended up enrolling in a center other
than the preferred one. This allows us to compare the development of
children whose parents initially applied for the same center(s), but
where the children ended up being assigned to centers with differing
structural quality as a result of oversubscription. Our data allowus to as-
sess the role of a wide range of structural child care center inputs, such
as the characteristics of child care center employees, as well as group
and center size. Moreover, we have information on the distance be-
tween the child's homeand the center.Wemeasure the cognitive devel-
opment of a child at age 6–9, drawing on a pooledmeasure of test scores
in the first, second and third grades.

Our paper adds to the literature along three important dimensions.
First, the combination of rich data and the institutional setting allow
us to plausibly control for parental preferences and application
er the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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3 Based on statistics for 2013, 2014 and 2015.
4 The social pedagogy tradition for early education has been especially influential in the
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behavior. This differs from the majority of existing papers, which often
rely on within child care variation.2 An exception is Walters (2015),
who exploits the random variation from the implementation of the
Head Start Impact Study and finds that centers offering full-day service
and home visiting are more effective, while curriculum, teacher educa-
tion and class size do not predict effectiveness. We study a different set
of structural inputs, and our panel data allows us estimate models that
account for center fixed-effects.

Second, we draw on rich registry data that enables us to study how
parents value a wide range of structural quality measures, such as the
center and group size, staff qualifications, experience and stability, as
well as the proportion of male and immigrant staff. We examine how
these center-related attributes relate to child test scores during the
early school years, taking into account how parents select child care
institutions.

Finally, we provide evidence from an understudied part of the edu-
cation system. Studies of quality in schools flourish (Krueger, 1999;
Clotfelter et al., 2009; Dee, 2005, 2007; Antecol et al., 2015; Rivkin
et al., 2005; Hoffmann and Oreopoulos, 2009), but it is unclear whether
the results can be applied to child care centers. There has long been a
consensus among psychologists, neurobiologists and economists that
investing in early childhood is imperative, as this is a particularly sensi-
tive period when the child's brain is at its most receptive, and the foun-
dation for cognitive and socio-emotional capacities is developed
(Knudsen et al., 2006). Thus, enhancing our understanding of how the
center environment relates to a child's cognitive development at this
early stage of the education process appears to be of great importance.

Our findings suggest that parents prefer child care centers that are
situated close to home, and that the likelihood of preferring a center
with a higher share of pre-school teachers increases with father's in-
come. Turning to the children, we show that those who receive an
offer of enrollment in a child care center with a higher share of male
staff perform better on both language and mathematics tests in their
early school years. Low sickness absence among the staff also predicts
positive child development. Note that while these findings are not bi-
ased by parental selection, observable inputs may correlate with unob-
servables in a center. We go on to estimate center fixed-effects, keeping
constant unobservable center characteristics such as localities or a spe-
cific pedagogical approach. This approach yields similar estimates,
supporting a causal interpretation of the result.

The paper proceeds as follows. We first present the institutional
background in Section 2, before describing our data in Section 3. In
Section 4 we present and discuss our empirical approach. Our main re-
sults are presented in Section 5, while Section 6 provides a conclusion.

2. Institutional setting

2.1. Child care in Norway

Child care in Norway is heavily regulated, with provisions on staff
qualifications, number of children per employee and per teacher, size
of play area, and educational orientation. Institutions are run by an ed-
ucated child care teacher responsible for day-to-day management and
educational content. The child care teacher education is a three-year
college degree that includes supervised practice in a child care institu-
tion. Child care regulations specify that there should be at least one ed-
ucated child care teacher per 7–9 children aged less that three years,
and at least one per 14–18 children aged 3–6. Municipal regulations
specify that there should be at least one employee per three children
under the age of three, and one employee per six children aged 3–6.
There are no educational requirements for the additional staff. Given
that the child care center meets the regulations the teacher/employees
2 Bauchmuller et al. (2014) estimate correlations between center inputs and child out-
comes, Blau (1999) relies onmother fixed-effects models and Goertz et al. (2018) depend
on within-center differences across time.
ratio will this be 1 teacher per 3 employees. Few public child care cen-
ters in Norway accept children who are younger than a year old.

Enrollment rates are high inNorway. According to numbers from the
OECD (2017),3 about 55% of children under the age of 3 and 97% of chil-
dren aged 3–5 were enrolled in a child care center. This was similar to
Sweden and Denmark, but higher than the OECD average of 34% for
under 3 year-olds and 85 for 3–5 year-olds. In Germany, 37% of the
under 3 s and 97 of the over 3 s were enrolled, while the corresponding
numbers for the US were 28 and 67%, respectively. When it comes to
spending on child care (per child), the figure for Norway amounts to
about USD 14,700. This is high compared to most countries: Germany
spends USD 9200, the US about USD 10,000 and the OECD average is
USD 7900. However, the high spending likely also reflects the high
share of young children enrolled in Norway, as young children typically
demandmore resources (such as a lower child-to-staff ratio). Spending
in Denmark, with the highest enrollment rate of young children in the
OECD at 65%, is even higher at about USD 16,300. The child-to-teacher
ratio in Norway is similar to that in Denmark, Germany and the US at
10, but lower than the OECD average of 14.

In Oslo, about 60% of child care institutions are public, whereas the
remaining centers are privately operated. Both public and private insti-
tutions require municipal approval and supervision in order to be enti-
tled to federal subsidies that cover around 80% of costs. Moreover, each
enrolled child with a minority background triggers an additional sub-
sidy to accommodate language learning. Parental payment has been
capped since 2003 at around NOK 2400 per month. Child care institu-
tions are typically open from around 7.30 am to 5 pm.

In terms of educational content, a social pedagogy tradition has
dominated child care practices in Norway since the 1970s. According
to this school of thought, children should develop social, language and
physical skillsmainly through play and informal learning.4 The informal
learning typically takes place in the context of day-to-day social interac-
tion between children and staff, in addition to specific activities for dif-
ferent age groups.

In 2006, TheMinistry of Education issued an overall plan for theNor-
wegian child care centers that is of relevance for the years our data
covers (Norwegian Ministry of Education, 2006). This plan covered six
focal areas, as well as a list of more specific themes and related activities
that should be implemented in child care centers. While this plan is not
particularly concrete in its description of learning goals and age-specific
activities, it still gives an overviewofwhat child care centers should em-
phasize in their pedagogical and practical work with the children. The
focal areaswere listed as 1) care and nurture, 2) play, 3) learning, 4) so-
cial competence, 5) language competence and 6) the child care center as
a cultural arena. As for themore specific themes and activities, there is a
clear emphasis on learning through play and through interaction with
other children and the adults in the center. There is also a special em-
phasis on physical activity and the development of motor skills through
both indoor and outdoor play.
2.2. Child care quality

Child care quality can be measured along a number of dimensions,
but below we present certain structural aspects that theory and/or em-
pirical evidence have shown to be of importance, and that we can ex-
plore with our data.
Nordic countries and Central-Europe. In contrast, a so-called pre-primary pedagogic ap-
proach to early education has dominatedmany English and French-speaking countries, fa-
voring formal learning processes designed to meet explicit standards for what children
should know and be able to do before they start school.
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2.2.1. Group size
A lower child-to-staff ratio means that the individual child has more

time with adults working in the center. As explained above, this is regu-
lated by themunicipality, and ismeant to ensure that there are a sufficient
number of adults in a center to care for the children in a safe setting.While
it seems self-evident that a certain number of adults is required to care for
young children, it is less obviouswhat the specific ratio shouldbe. Ameta-
analysis finds that small-group instruction correlates with positive child
outcomes (Camilli et al., 2010), and a similar correlation is found in a
study from Denmark (Bauchmuller et al., 2014). To learn about causal ef-
fects, we need to consider literature from the school setting. Project STAR
randomly assigned kindergarten students and their teachers to classes of
differing size. Krueger (1999) finds that performance on standardized
tests increase during the first year students attend small classes.

2.2.2. Child care teachers
The teacher in a group is responsible for the day-to-day educational

approach, and the regulation in place by the time of our study was
intended to ensure that each group of children had at least one teacher
(and bigger groups had more, see Section 2.1). Bauchmuller et al.
(2014) find a positive correlation between a higher share of teachers
and child outcomes for Denmark, whereas evidence from the US largely
dismisses the importance of formal qualifications in the child care set-
ting (Blau, 1999; Currie and Neidell, 2007; Walters, 2015). For school
children, Rivkin et al. (2005) study the variance in teacher quality
based on within-school heterogeneity, and find that a substantial
amount of the variation in child test scores is attributable to the teacher,
but concludes that observable teacher characteristics such as education
or experience do not predict better child outcomes.

2.2.3. Tenure in a center
Tenure is a measure thatmay proxy at least two different quality as-

pects in a center. First, longer tenure in a center presumably gives a
caregiver a more child-specific knowledge, and this may be positive
for child-caregiver relationships (Horm et al., 2018; Choi et al., 2019)
(see also sick leave below). Second, longer tenure could be a sign of a
healthy work environment, suggesting that the employees are happy
working in the center. If a more content staff influences the learning en-
vironment, this in turn could be positive for child development.

2.2.4. Male share
Norwegian child care centers aremainly staffed bywomen, and Oslo

is no exception with about one in ten staff members being male. Dee
(2007) summarizes that male teachers can influence children's engage-
ment or behavior by acting as role models, and that same-gender
teachers can be positive for child development if men communicate dif-
ferent expectations to boys and girls. Empirical evidence from school
settings does suggest that teacher gender can explain differing school
performance for boys and girls (Dee, 2005, 2007; Antecol et al., 2015).
Dee (2007) shows that while both girls and boys benefit from having
a male mathematics teacher, girls benefit and boys perform worse if
the English teacher is female, and concludes that changing an English
teacher from female to male would reduce the gender gap substantially
among 13 year-olds. For primary school children, Antecol et al. (2015)
take advantage of data on random assignment of teachers across class-
rooms and schools. They find that girls assigned to female teachers suf-
fer from lower test scores inmath by the end of the academic year. Boys'
results are not affected by the gender of the teacher.

Another channel throughwhichmale staffmay potentially influence
child outcomes in the child care center is in the play situation. The de-
velopment psychology literature hypothesizes that certain types of
physical play, such as rough-and-tumble play,5 facilitates social skills
5 Rough-and-tumble play is characterized by vigorous behavior (such as wrestling or
play fighting) that appears to be aggressive except for the playful context (Pellegrini and
Smith, 1998).
practice and aggression regulation (Storli and Sandseter, 2017). This
type of play is seen more often among boys, and is initiated to a greater
extent by fathers than by mothers (Fletcher et al., 2013; Pellegrini and
Smith, 1998). Storli and Sandseter (2017) find that both male and fe-
male child care staff promote such play in Norwegian child care centers,
but male staff are more likely to have first hand experience with it.
Moreover, female staff express in interviews that they have learned to
facilitate rough-and-tumble play from male colleagues (Storli and
Sandseter, 2017). As noted by Goertz et al. (2018), even if male staff
do interact more with boys and facilitate more boy-oriented play, it is
not clear whether this will affect boys more than girls. If the presence
of male staff in the play situation encourages aggression regulation
among boys, both girls and boyswill presumably benefit from a less dis-
ruptive learning environment.

2.2.5. Immigrant share
It has been hypothesized that teachers may be more responsive to

the needs of children who share their racial or ethnic background
(Dee, 2004). Dee (2004) finds for the US that both black andwhite chil-
dren benefit from a same-race teacher, while results for Denmark in
Bauchmuller et al. (2014) suggest that ethnicminority children gain sig-
nificantly less from a higher share of ethnic minority staff than children
without such background.

2.2.6. Sick leave
Norway has a high absence due to sick leave, and child care person-

nel are among the employeeswith the highest sickness absence. A num-
ber of factors may contribute to the high sick leave among child care
employees. Child care staff work closely with young children and are
thus exposed to viruses on a daily basis. For employees working with
young children, there is a lot of heavy lifting and sitting in uncomfort-
able positions on the floor.6 Moreover, sick leave in Norway is particu-
larly high among women, and about 90% of child care personnel are
female. In the psychology literature there is a large strand of research,
both theoretical but also increasingly empirical, emphasizing the impor-
tance of stable child-caregiver relationships during early childhood for
later development (Bowlby, 1969; Sroufe et al., 2010). In recent years,
a growing literature has studied how the relationships between young
children and their non-parental care providers relate to children's
later behavioral and socio-emotional functioning (Ahnert et al., 2006).
Importantly, continuity of care provider is found to be related to fewer
behavioral problems and higher social competence in children (Horm
et al., 2018; Choi et al., 2019). We study a setting where children enter
child care at an early age. If caregivers in the center have a high sickness
absence, thismay hamper the child's ability to form a safe attachment to
its caregivers. In addition to the attachment aspect, if there are fewer
staff atwork than originally planned, theremight be less time to provide
a stimulating environment for the children. Additional activities such as
more organized play or outdoor expeditionswill likely be less of a prior-
ity, as will one-on-one interactions with the children. Clotfelter et al.
(2009) finds that teacher absences in primary school are clearly associ-
ated with lower student achievement.

2.3. Applications and admissions to child care in Oslo

Oslo is divided into 15 city districts with their own local administra-
tions. During the years our data covers, child care slots were allocated
within the child's city district of residence. Available slotswere allocated
to children from other city districts if there was undersubscription in
that particular district. The Oslo municipality administration handled
6 According to self-reported survey data, the three most common health issues experi-
enced by child care teachers are back pain (50% report having experienced this the previ-
ous month), neck pain (49%) and headache (44%), whereas mental health issues are
reported less often (17%) (National Institute of Occupational Health 2016).



Table 1
Percentage of children who get an offer from their n'th choice.

Choice Percent

None 30.85
1st choice center 28.69
2nd choice center 13.47
3rd choice center 9.43
4th choice center 5.52
5th–7th choice center 12.05

N = 2175 children.

9 Themeasure of oversubscription is based on all applicants who have listed a center on
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the allocation of child care slots in collaboration with the city district
administrations.

A majority of the slots in the child care centers become available in
August due to the transition of the six year-olds from child care to
school. As a first step to obtaining a slot in August in a particular year
(in both public and private centers), parents need to apply before
March 1st in the same calendar year. During the time period we con-
sider (2005–2010), parents could rank a maximum of seven child care
centers.7 Children of single mothers, disabled children and occasionally
children with immigrant background were awarded priority. Subse-
quently, the allocation of slots in public institutions (to children with
no priority) was decided in a computer-generated lottery. According
to representatives from the municipality, this lottery ensured that
each child care center with available slots was matched randomly
with children of the appropriate age who had ranked it as one of their
seven prioritized centers.8 The main allocation process consisted of
three sequential rounds, where slots that were not accepted by families
with an offer of enrollment in the first round, were allocated to new
children in the second round, and then similar in the third round.
Drange and Havnes (2019) show that background characteristics are
balanced across samples of lottery winners and losers, suggesting that
the randomization was successful.

Once a family received an offer of enrollment, the child was taken
out of the public lottery. However, a family could uphold their applica-
tion to the first ranked center if they were offered a slot in a lower
ranked center. If there were available slots in centers after all children
who had applied (for those centers) had been given a slot, the munici-
pality would offer these to children who had not yet received a slot. To-
wards the end of the period the lottery changed somewhat, and from
2009 the child's birth date decided the lottery number. The priorities
remained the same. Contingent on these observables, the allocation of
slots remained random.

In this set-up, the children could get the first offer of a slot in any of
their up to seven ranked child care centers with a similar probability in-
dependently of the ranking, given similar oversubscription rates. If the
family chose to remain on the waiting list for the first ranked center,
they could receive a new offer in this center in a later allocation
round. As we will elaborate on in Sections 3.1 and 4, we always focus
on characteristics of the first offered center, regardless of which round
the parents received the offer. Children not admitted at all in the main
allocation round were put on a waiting list, and would only get an
offer if already admitted children declined the slot they were offered.

While private and public child care centers had the same application
deadline and children could apply to amix of public and private centers,
their intake rules differed somewhat. Every private child care center in
Oslo received listswith detailed information on all childrenwhohad ap-
plied for a slot in that particular (private) center, including their respec-
tive ranking of the center. Subsequently the respective private
institutions handled their own admissions.

Due to substantial oversubscription during this period, themajority of
children received an offer from a center other than their first choice. This
is documented in Table 1. In our sample, about 29% got an offer from their
first ranked center, whereas about 13% got an offer from the second
ranked. Asmany as 31% of the children in our sample were offered a cen-
ter outside their choice set. The difference between being offered the first
and second ranked centers is substantial, and may look puzzling at first.
7 Today, parents can rank five centers.
8 The information about the lottery is based on online information about the public ad-

mission procedure (see https://lovdata.no/dokument/LTII/forskrift/2002-12-18-1831) as
well as ameetingwith representatives from themunicipality that handled the admissions
(a summary from thismeeting is available upon request).We donot have access to the ex-
act algorithm the computer was running. It should be noted, however, that the lottery re-
sults were regarded as public information and had to be given to parents who requested
them.Moreover, the allocation of child care slots was a popular topic for the local newspa-
pers (see for instance Aftenposten Aften 27.04.2005). Thus, the transparency should ensure
that public slots were indeed allocated through the lottery mechanism.
There are two features of the allocation mechanism that can contribute
to this pattern. 1) As described above, a family who received an offer
from a lower ranked center, could uphold their application to their center
on first rank throughout the three lottery rounds. Hence, if the familywas
indifferent between being admitted to for instance three centers, but pre-
ferred these centers over other centers on their list, it would make sense
to rank the center with expected lowest oversubscription first to make
sure they had two draws in a center with a high(er) likelihood of being
admitted. Although oversubscription was not directly observable, the in-
formation about whether there were many school starters in a center
(and hence more open slots in August) was in most cases available for a
parent who visited a center prior to applying. Constructing a measure
for oversubscription and comparing parents that did and did not get an
offer from their first choice center reveals that, perhaps unsurprisingly,
parents who received an offer from their highest ranked child care center
had indeed listed a center with a lower oversubscription as their first
choice.9 2) Parents that ranked fewer centers, were more likely to secure
a slot in one of the centers they had ranked, but also had a higher likeli-
hood of being offered a center outside their choice set.10 As explained
above, children had the same probability of obtaining a slot in whatever
center they had listed (given similar oversubscription rates), but the mo-
ment they were allocated a slot, they were out of the lottery.11 A family
that only ranked one or two centers would therefore have a lower prob-
ability of being out of the lotterywhen theirfirst choice center entered the
draw, as they had not yet been assigned to a center. In our sample, 24%
listed 3 or fewer centers.

A general concernwith allocationmechanisms is that theymay spur
strategic application behavior. In the case of the allocation mechanism
we are considering, we need to take into account which institutions
the families applied for, and how many centers they listed. Including
these controls allows us to compare children with similar applications.
This is dicussed further in Section 4.

3. Data

3.1. Dataset and variables

To conduct the analysis we employ data from several sources that
can be linked through a personal identifier. Firstly, we have access to a
unique data set from the municipality of Oslo containing individual re-
cords of all institutional child care use for children born between 2004
and 2007, as well as test scores from 1st to 3rd grade for the same
cohorts.12 This data set also includes full information on application
any rank, by year, and a variable with the number of children admitted to a center by year.
Oversubscription is defined as the former divided by the latter. These families also in gen-
eral list less oversubscribed centers (than families that did not get their first ranked cen-
ter), but the highest ranked center has markedly less oversubscription. Results are
available from the authors upon request.
10 Results are available from the authors upon request.
11 Although they could still be on thewaiting list for their first ranked center, and by the
end of the allocation round they could have been admitted to this center. However, as
mentioned above, we focus on the very first offer to each child in this analysis.
12 Due to a restrictive storage policy in Oslo municipality, data on children born in Janu-
ary and February 2004 were deleted from the application data base before we gained ac-
cess to it. We are therefore not able to include these children in our sample.

https://lovdata.no/dokument/LTII/forskrift/2002-12-18-1831


16 To get a better picture of whether children in our sample differ substantially from the
average child care applicant, we present summary statistics for samples subject to varying
restrictions in Appendix Table 11, starting with the universe of children ever applying to a
slot (column 1). In column (2)we exclude childrenwhose parents give top ranking to pri-
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dates and parental preferences for child care centers. All applications
ever submitted for a child are registered in the data, as is every offer
of a slot the child receives, as well as identifiers for the up to seven cen-
ters the parents may rank in each application.

Children can attend a child care center in another city district than
the one they reside in, but as long as the center is situated in Oslo the en-
rollment will be included in our data. If the child attends a child care
center in another city we will not be able to register the enrollment,
but this will only involve a few children. As described in Section 2.3, pri-
vate child care centers have their own admission process. Childrenwith
a private institution ranked first on their application are therefore ex-
cluded from our analysis, following Drange and Havnes (2019). We
also exclude children with priority as they do not participate in the lot-
tery. In order to avoid the complication that experience with previous
child care centers affects parent's ranking of centers, we focus on the
first time the parents apply and the first center fromwhich the child re-
ceives an offer. This leaves us with a sample consisting of 2175 children
enrolled in 360 child care centers from 2005 to 2010.13

We sample child care characteristics from the first center that was
offered to a family. The staff working in the different child care centers
can be identified from Statistics Norway's employer-employee register
(AAreg). This register includes information on the staff's experience/
tenure and workload, and is merged with data on sick leave from the
Norwegian Labour and Welfare Administration (NAV). These data re-
cord employees and their sick leave as of October every year. From the
population, income and education registries, we collect information on
staff characteristics such as gender, birthday and education. Moreover,
the child care centers receiving public subsidies (almost all existing cen-
ters) must report key statistics to Statistics Norway every year, such as
the number of children enrolled by age and several staff background
measures. We collect the number and age of children enrolled from
this registry. Since we know which center the child received its first
offer from, we can link this information to each child.14 To construct
quality measures at the child care center level, we average staff charac-
teristics (for each year) across institutions and weight the results with
the staff workload.We focus on the following variables: child/employee
ratio, the share of staff with a child care teacher degree, average years
the current employees have been working in a given center (referred
to as tenure), share ofmale child care staff, share of staff with immigrant
background (share of individuals with both parents born abroad), share
of days the staff has been absent due to long term sick leave (spells last-
ing more than 10 days)15 and the size of the center measured by num-
ber of children enrolled. Since employee-data are measured in October,
we base our child care qualitymeasures on characteristics of the institu-
tion the child receives an offer from in the spring of the same year, and
in most cases enrolls in in August (i.e. about two months prior to the
characteristics being measured).

Fig. 1 provides an overview of the distribution of center characteris-
tics. There is considerable variation across all characteristics, but com-
mon to most of the variables is that the distribution is skewed to the
left. In the upper right figure, we report the distribution of the share
with a child care teacher degree. Most centers have about one child
care teacher per three employees, but many have fewer, and the aver-
age is one in five. A large share of centers do not have any men on
their staffs (upper right figure). Few centers have more than 20% male
13 Applications from 2008 are excluded from the sample, as the allocation mechanism
that was in place that year could spur strategic behavior.
14 About 30% of the child care centers in Oslo are so-called family child care centers, and
few of these centers report to the employer-employee register. These centers are typically
consisting of up to five children, are located in a private home and are run by an assistant
under the weekly supervision of a child care teacher. Since we in most cases do not have
information about their teachers, children attending these child care centers are excluded
from the analysis (about 10% of the children).
15 For each center we calculate our measure of sick leave by dividing total number of
days per year the staff has been absent due to long term sick leave by total number of con-
tractual working days.
staff. In the majority of centers, average employee tenure is less than
five years, and the average is three (center left figure). The share of
long term sick leave during the year is displayed in the center right fig-
ure. In the bottom left figure we note that the vast majority of centers
have some staff with immigrant background, but that there is consider-
able variation. On average, the share of staff with immigrant back-
ground is 25%. Lastly, in the bottom right figure, we display child care
center size (measured by the number of children enrolled in a center).
We see that there are few very big centers, and few very small ones,
but still a considerable variation in size.

Our preferred specification includes continuous measures of center
inputs. When we explore the robustness of our results, however, we
want to account for the nature of the skewed distribution. Therefore,
in addition to averaging staff characteristicswithin centers,we also gen-
erate dummy variables for whether specific characteristics of the child
care center exceed a certain threshold (the 50th and 75th percentiles
in the population of child care centers).

Information on the background characteristics of the children and
their families is obtained from registers provided by Statistics Norway.
The covariates are measured for the year before the child was born to
ensure that they are not endogenous to the treatment. Important con-
trol variables are parents' education, (net) income of the father, immi-
grant background and mother's continent of origin. We also control
for whether parents were young (defined as being under the age of
22) when they had their first child. Furthermore, we include dummies
for the child's gender, and information about birth cohort and month
of birth. Lastly, we control for application year, city district andwhether
the child's first child care center offer is public or private. Summary sta-
tistics and further definitions of the background characteristics of the
children are reported in Appendix Table 10.16

Norwegian children have nationwide tests in language and mathe-
matics during their first, second and third years in school. We employ
the results of these tests to construct child cognitive outcomes, and
Appendix Fig. 2 shows the distribution of the outcome variables. The
tests are intended to identify the weakest pupils, to ensure that the
school allocates resources to underperforming children. Hence most
children score close tomaximumpoints. Due to the skewed distribution
of these tests, we generate four outcome variables for each subject. The
first is simply the pooled (grades 1 to 3) average achievement level in
language and mathematics, while the remainder are dummy variables
which are equal to one if the child scores above the 25th, 50th and
75th percentiles. In the analysis we standardize the achievement scores
within cohorts and grades.
3.2. Application behavior

In order to obtain a better picture of what parents value in a child
care center, we report the mean of the child care quality inputs listed
by parents' rankings in Table 2. In addition to the explanatory variables
listed in Appendix Table 10, Table 2 also includes average distance from
vate centers, andwe note that imposing this restriction produces a sample where average
income of the father and parental education is lower and the share of immigrant families
higher. In column 3 we proceed to exclude children with priority, and note that this re-
striction lead to a sample where income and education is somewhat higher, in line with
what we would expect given that certain priority criteria apply to disadvantaged families.
Turning to column 4, we have excluded children with offers of centers that we fail to
match to the registers as well as children of higher parity. The latter restriction will me-
chanically produce a sample with lower father's income as parents are younger (because
we only include the first born child). Note that this is our lottery sample. When we com-
pare summary statistics of column 1 and 4, we see that the lottery sample consists of fam-
ilies with somewhat lower average father income and parental education, and a
somewhat higher share of youngmothers. The share of immigrants is similar. All in all, av-
erage background characteristics are not very different across samples.



Fig. 1.Distribution of child care center characteristics. Note: N= 921 observations at the center-year level. Since observable characteristics of any center may vary in the course of a year,
the unit of observation is center-year.
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home to center and average share of children with immigrant back-
ground in the center. In the last row of the table, we report the mean
characteristics of the first center offered for purposes of comparison.
We keep in mind that the ranking in itself should not be important for
the allocation process, except for the first choice center, for which fam-
ilies get two draws (as described in Section 2.3). However, while we
have obtained information about how the allocation mechanism
worked from the municipality and relevant official documents, it is
not clearwhether parents knew the details.Most parentswere probably
aware of the particular status of the first choice center, and of the prior-
ities in their city district. Importantly, during the years we consider, in-
formation about child care center characteristics was not easily



Table 2
Characteristics of ranked centers.

Rank Share of staff Number of

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

Male Child care teachers Immigrant Sick-days Mean staff tenure Immigrant peers Children/employee Children Distance from home (meters)

1st 0.110 0.212 0.243 0.096 3.46 0.292 3.44 68.4 901
[0.044] [0.000] [0.007] [0.567] [0.000] [0.000] [0.000] [0.274] [0.000]

2nd 0.109 0.213 0.238 0.093 3.52 0.262 3.46 62.2 1079
[0.094] [0.000] [0.001] [0.896] [0.000] [0.000] [0.000] [0.000] [0.000]

3rd 0.118 0.209 0.243 0.096 3.56 0.258 3.61 60.7 1155
[0.520] [0.001] [0.026] [0.317] [0.001] [0.000] [0.000] [0.000] [0.011]

4th 0.118 0.207 0.245 0.097 3.45 0.237 3.62 58.6 1176
[0.883] [0.210] [0.779] [0.044] [0.000] [0.000] [0.000] [0.000] [0.005]

5th 0.124 0.211 0.239 0.095 3.43 0.220 3.58 57.6 1276
[0.611] [0.194] [0.481] [0.707] [0.000] [0.000] [0.000] [0.000] [0.068]

6th 0.121 0.212 0.242 0.095 3.45 0.220 3.49 56.9 1370
[0.3869] [0.082] [0.866] [0.747] [0.000] [0.000] [0.000] [0.000] [0.3402]

7th 0.123 0.216 0.236 0.092 3.34 0.201 3.51 57.5 1366
[0.273] [0.056] [0.421] [0.647] [0.000] [0.000] [0.000] [0.000] [0.125]

1st offered 0.114 0.199 0.252 0.095 2.98 0.314 3.27 69.2 1325

Note: Tenure is reported in years. The unit of observation is the children. Note that aminority of the parents have ranked asmany as 7 centers, and hence the number of observations differ
across the rows in the table, ranging from 786 observations in the rowwhich document characteristics of the 7th ranked center to 2175 in the last rowwhich document characteristics of
the 1st offered center.
In [ ] we report p-values from a t-test on whether the mean characteristics of the first offered center differ from the first, second etc. ranked centers.
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available without getting in contact with the individual center. The cost
associated with time spent on obtaining information about the charac-
teristics listed below, was thus potentially quite high.

Even if families obtained information about structural inputs in the
child care center, for example by visiting particular centers or talking
to neighbors and friends, it is not clear how we should expect them to
value these inputs. One point of departure may be to consider the infor-
mation presented as key statistics about child care centers available
today on the website of the Oslo Municipality.17 The website contains
information on size, indoor play space, number of children per em-
ployee and the share of staff with a child care teacher degree. These fea-
tures may have been considered informative about the quality of a
center 10 years ago as well, even though they were not available online
at the timewhen the parents in the sample we rely on submitted appli-
cations. We note that figures for share of male staff, share of immigrant
staff, sick leave and tenure are not included in today's public informa-
tion about the child care centers.

FromTable 2we see that, on average, observed characteristics donot
differ much across the ranked centers.18 This is in line with what we
would expect, given that ranking in itself should not matter. However,
parents seem to rank centers with a higher share of immigrant peers
on first rank (column 4). Also, higher ranked centers are somewhat big-
ger, as seen in the second to last column.While the average size of a first
choice center is about 68 children, the average size of the seventh choice
center is about 57. Parents also seem to care about travel time when
ranking centers. In the last column, we see that travel time (in meters)
increases down the ranking list. First choice centers are located on aver-
age about 900m from the home,whereas seventh choice centers are lo-
cated about 1360 m away.

In the last row, the average staff characteristics of the offered center
are presented. The coefficients in brackets in the table are p-values of a
test of whether the characteristics of the first ranked and the first of-
fered center differ (row 2), whether the second ranked and first offered
center differ etc. In magnitude, characteristics of the first offered center
resemble those of the ranked centers to a large extent, albeit quite a few
of the differences are statistically significant. For instance mean staff
tenure and the fraction of staff with a child care teacher degree differ
17 See https://www.oslo.kommune.no/barnehage/finn-barnehage-i-oslo/.
18 We have tested whether characteristics of the first- and second-ranked center differ
significantly, and find that this is the case for the share of immigrant peers, center size
and distance.
significantly across the first offered center and the first ranked. Looking
at lower ranked centers, we see that the share of immigrant peers are
higher in the first offered center compared to any ranked centers, and
that first offered centers are bigger.19

We proceed to explore whether family background influences the
child care center characteristics that families value. This is reported in
Table 3, wherewe present coefficients frommodels inwhichwe regress
center characteristics (average tenure, share of staff with child care
teacher education, share of male staff, share of staff with immigrant
background, share of staff on sick leave, distance to child care center,
size and child/employee ratio) of the first ranked center on the back-
ground characteristicswe include in our analysis (child's gender, paren-
tal education, immigrant background and log of father's income).
Families in which parental education and father's income is higher
seem to appreciate a higher density of child care teachers (upper right
panel), indicating a preference for more highly qualified staff. When
the father has a higher income, the families seem to prefer centers
with experienced employees (middle left panel), whereas they are
less likely to list a center with a high share of immigrants among the
staff. However, they also seem to be less concerned about bigger
group size, as income is positively correlated with a 1st ranked center
with a higher child/employee ratio. The share of male staff is not sys-
tematically correlated with our background variables, whereas the
share of sick leave among staff is negatively correlated (at the 10%
level) with both immigrant background and having parents with higher
education. In themiddle left panel, we see the rather puzzling pattern of
families with boys being more likely to apply for child care centers with
staff with long tenure compared to families with girls.

Evidence from the US suggests that the racial and ethnic composi-
tion of children attending a center is strongly correlated with the char-
acteristics of job seekers that are invited to an interview, and indicates
that thismay be due to teacher hiring being influenced by customer dis-
crimination (Boyd-Swan and Herbst, 2017).We see no indication in our
data that families with immigrant background prefer child care centers
with a higher share of immigrant staff. Turning to the bottom right
panel, we see that higher education and income is negatively related
to the share of immigrant peers in the center on first rank, whereas im-
migrant families prefer centers with a high share of immigrant peers.
19 Note that the number of ranked centers vary across families. For instance, only 786
families have ranked 7 centers. This implies that the number of observations differ across
the rows in Table 2.

https://www.oslo.kommune.no/barnehage/finn-barnehage-i-oslo/


Table 3
Relationship between characteristics of 1st ranked center and child background.

Characteristics of 1st ranked center

Child background Share of male staff Share of pre-school teachers Staff sick days (share)

Parents' educ high 0.004 (0.005) 0.009 (0.005)⁎ −0.005 (0.003)⁎

Ln(father's income) 0.001 (0.003) 0.007 (0.003)⁎⁎ 0.001 (0.002)
Imm. background −0.006 (0.007) −0.003 (0.007) −0.010 (0.006)⁎

Boy 0.002 (0.004) 0.004 (0.004) −0.001 (0.003)

Mean staff tenure (years) Nr of enrolled children Distance from home (meters)

Parents' educ high 0.027 (0.119) −1.646 (1.360) −40.022 (94.825)
Ln(father's income) 0.133 (0.073)⁎ 0.286 (0.938) −47.571 (59.872)
Imm. background 0.140 (0.183) −1.068 (2.823) 34.893 (165.058)
Boy 0.247 (0.097)⁎⁎ 0.825 (1.191) 57.008 (82.984)

Immigrant staff (share) Nr of children/nr of employees Immigrant peers (share)

Parents' educ high −0.005 (0.007) 0.016 (0.047) −0.027 (0.008)⁎⁎⁎

Ln(father's income) −0.018 (0.005)⁎⁎⁎ 0.058 (0.033)⁎ −0.021 (0.006)⁎⁎⁎

Imm. background 0.003 (0.012) −0.006 (0.082) 0.078 (0.017)⁎⁎⁎

Boy −0.003 (0.006) −0.041 (0.041) 0.012 (0.008)

Note: N = 2175 children. The models are estimated by OLS. Each square represents a separate regression, in total nine different specifications are reported. All dependent variables are
measured at the child care center level. Included in all specifications are a constant term and dummy variables for the child's birth year and month, application year, number of ranked
centers, city districts, mother's continent of origin andwhether themother and father were young (22 years or younger) when they became parents. ‘Parents high educ’=a dummy var-
iable forwhether average years of schooling ofmother and father is 17 or larger. ‘Imm. background’ is a dummy variable taking the value 1 if the child has two foreign-born parents. ⁎/⁎⁎/⁎⁎⁎

denote statistical significance at the 10/5/1% level.

21 We conducted a number of robustness tests to ensure that our specifications are ro-
bust to the choice set.While precision levels dovary, depending on howmuchwe demand
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The latter can be explained by the fact that immigrants typically cluster
in certain areas in the city (Drange and Telle, 2018), and hence apply for
the same child care centers as they prefer child care close to their
home.20

4. Empirical strategy

If parents who provide a home environment promoting positive
child development are more likely to recognize child care centers that
do the same, estimates of quality inputs will be biased upwards. We
therefore need to take into account parental preferences for child care
centers in order to get closer to the causal interpretation of center
quality. As previously described, child care centers in Oslo were
oversubscribed throughout the period our data covers, and slots were
allocated in a lottery. As seen in Table 1, the majority of children were
not admitted to their most preferred center. The random nature of slot
allocation allows us to compare the outcomes of childrenwhose parents
had similar preferences, but who received offers from different child
care centers due to the outcome of the lottery. In order to identify
whether test scores in the first, second and third grade differ among
children who, as a result of the lottery, received offers of enrollment
from centers with varying staff composition, we estimate the following
equation:

Yijt ¼ α þ βqualityjt þ δpreferencesit þ Xi þ εi ð1Þ

Yijt is the average test score for child i in the first, second and third
grade whose first offered child care center was child care center j in
year t. qualityjt is a vector of quality aspects of the first child care center
the child received an offer from in year t. As ameasure of qualitywewill
include the share of educated child care teachers, mean staff tenure,
share of male employees, share of staff with immigrant background
and average share of sickness absence (certified by a GP) among staff.

preferencesi is a lottery-specific choice set included to account for the
fact that parents have different preferences regarding child care centers
20 This paper focuses on structural quality at the child care center level, and neither dis-
tance nor the share of immigrant peers in the center will be included in the main regres-
sions. However, we do report results from specifications where distance is included (see
Appendix Tables 15 and 16,Model 5) and 11), andwe include peerswith immigrant back-
ground in Appendix Table 13.
and apply to different institutions in year t with varying characteristics
and oversubscription rates. The controls for parental preferences are
collected from the first application ever submitted by the parents, and
we construct a choice set where all child care centers are included as
separate dummies that take the value 1 if that particular center was
one of the ranked centers in the application form, and 0 if it was not.
Hence for children whose parents ranked seven centers (48%) there
will be seven child care center dummies with the value 1. If parents
ranked three centers, only three of the child care dummies take the
value one. We also include dummies for how many child care centers
parents have listed to account for the possible strategic behavior
among families that listed less than seven centers. Moreover, as we re-
call from Section 2.3, families may get an extra draw in their top-
ranked child care center after first receiving a lower-ranked offer.
Thus, listing institutions that are expected to have low oversubscription
as top-ranked will increase the likelihood of receiving an offer from this
particular institution. To account for such possible strategic behavior,
we control separately for the first choice center.21

Finally, Xi is a vector of covariatesmeasured the year before the child
is born, as well as year and cohort fixed effects described in detail in
Section 3.1. As the date of birth became predictive of a child's lottery
number at the end of the period, we includemonth of birth fixed effects
to take into account possible timing of births.22 εi is a random error
term. Standard errors are clustered at the level of first offered child
care center.

According to themunicipal administration, the lottery was random-
ized by means of a computer algorithm. However, there is always the
possibility that the randomization failed, or that manipulation occurred
between the randomization and the distribution of offer letters. To in-
vestigate whether we can trust the randomization of child care offers,
we turn to Table 4wherewe regress center characteristics of thefirst of-
fered center on child background and characteristics. All models include
the same controls as in the main specification. Overall, there is little to
from the choice set, results are in general very similar across specifications. The results of
estimations with other definitions of the choice set are available from the authors upon
request.
22 In our sample this is only relevant for a small share of children applying in 2009 and
2010. Our results are robust to exclusion of these observations. These results are available
from the authors upon request.



Table 4
Relationship between center characteristics of the first center offered and child background.

Share of staff

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

Male Childcare teachers Immigrants Sick-days Staff tenure (mean) Nr children/nr employee Ln (nr children) Distance from home (meters)

Ln(father's income) −0.000 0.003 −0.009 −0.002 0.001 −0.000 −0.014 124.3
(0.005) (0.005) (0.008) (0.003) (0.092) (0.045) (0.022) (86.0)

Parents educ high 0.005 0.009 −0.018 −0.004 0.107 −0.061 0.046 32.1
(0.007) (0.007) (0.011) (0.004) (0.144) (0.071) (0.034) (148.1)

Imm background −0.011 −0.000 0.002 0.005 0.033 −0.212⁎⁎ −0.082⁎ 89.7
(0.010) (0.010) (0.016) (0.006) (0.223) (0.102) (0.048) (202.3)

Boy 0.002 −0.003 0.010 −0.001 0.034 −0.084 −0.046⁎ −372.0⁎⁎⁎

(0.005) (0.005) (0.008) (0.003) (0.121) (0.053) (0.027) (109.8)

Note: N= 2175 children. Tenure is measured in years. Themodels are estimated by OLS. Each column represents a separate regression, in total eight different specifications are reported.
The dependent variables are measured at the child care center level. Included in all specifications are dummy variables for parent's preferences where we control separately for the first
ranked center, a constant term and dummy variables for the child's birth year andmonth, mother's continent of origin and whether themother and father were young (22 years or youn-
ger)when they became parents, number of ranked centers, city districts, application year and interaction terms between city districts and application year. ‘Parents high educ’=adummy
variable for whether average years of schooling of mother and father is 17 or larger. ‘Imm. background’ is a dummy variable taking the value 1 if the child has two foreign-born parents.
⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.
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suggest that resourceful parents are more likely to receive an offer from
a child care center of higher quality. However, and somewhat surpris-
ingly, we see from column (7) that families with boys are somewhat
more likely to get an offer from a child care center closer to their
house. There is also a negative relationship between the child/employee
ratio and being a boy, and a similar relationship between the ratio and
having immigrant background. Both these relationships are, however,
imprecise. Given the number of coefficientswe test in the table, a couple
of significant estimates are likely to appear due to chance. All in all we
find little reason to worry that the randomization is compromised.

We also estimatewhether the probability of receiving anoffer froma
higher ranked center depends on family background. If the allocation of
children to child care centers (conditional on their preferred choices) is
random, there should not be any systematic relationship between the
child's background characteristics and the rank of the center from
which the child received an offer. We generate an ordinal variable tak-
ing the highest value 6 if the child receives an offer from the first ranked
center, and the values 5–2 if the child receives an offer from the second,
third, fourth or fifth-seventh ranked center, respectively. If the child re-
ceives an offer from a center thatwas not in their choice set, the variable
takes the value 1. The estimated relationships are presented in Table 5.
When not taking account of parents' preferences for child care (column
Table 5
The relationship between family background and the probability of being assigned to a
higher ranked center, by OLS.

(1) (2)

Boy 0.096 0.126
(0.083) (0.113)

Parents educ high −0.341⁎⁎⁎ −0.096
(0.115) (0.148)

Imm background 0.155 −0.207
(0.177) (0.224)

Ln(father's income) 0.013 −0.055
(0.069) (0.097)

Choice set, 1, 2–7 No Yes

Note: N= 2175 children. The models are estimated by OLS. Each column represent a sep-
arate regression. The dependent variable is an ordinal variable taking the highest value 6 if
the child gets an offer from the first ranked center, and the values 5–2 if the child gets an
offer from the second, third, fourth or 5th–7th ranked center. Included in all specifications
are a constant term and dummy variables for the child's birth year and month, mother's
continent of origin andwhether themother and father were young (22 years or younger)
when they became parents, number of ranked centers, city districts, application year and
interaction terms between city districts and application year. In column (2) we include
dummy variables for parents' preferences and control separately for the first-ranked cen-
ter. ‘Parents high educ’ = a dummy variable for whether average years of schooling of
mother and father is 17 or larger. ‘Imm. background’ is a dummy variable taking the
value 1 if the child has two foreign-born parents. Standard errors are clustered at the
(first offered) center level and are robust to heteroskedasticity⁎/⁎⁎/⁎⁎⁎ denotes statistical
significance at the 10/5/1% level.
1) we see that there is a negative and significant relationship between
parents' education and receiving an offer from a higher ranked center.
Thismay be due to parentswith higher education assigning a high rank-
ing to popular child care centers. Reassuringly, when controlling for
preferences (column 2), we find no support for there being a significant
relationship between observable family characteristics and receiving an
offer from a higher ranked center. This underlines the importance of
taking parental application behavior into account.

Parents may reject their first offer for several reasons. Perhaps they
have changed their minds about child care start for the child, or they
have decided to move. If parents are sufficiently unhappy with the cen-
ter their child was admitted to, they might decline the slot and apply
again. Since unobserved parental characteristics are likely to determine
who rejects their first offer and continues to search for a better option,
we focus on characteristics of the child care center in which the child
was initially admitted (and not the first he/she started in). This means
that some of the children in our sample never start in the center we re-
cord them in. While this is not a threat to the validity of our empirical
strategy, it may have implications for how we interpret the estimates.
Reassuringly, a closer look at our sample reveals that as many as 87%
of the parents of children in our sample are compliers, and accept the
slot in the first offered center. 59% stay on in their offered center
throughout the time we observe them (in most cases until school
start). If deniers are families that receive an offer in a low quality insti-
tution, and these families go on to obtain a slot in a more preferred in-
stitution, it will presumably create more noise in our estimations,
since some of the children we record as being in a low quality institu-
tion, instead enroll in an institution of higher quality. Ultimately, our es-
timates should be interpreted as the (reduced form) effect of being
offered a child care slot in a center with a certain quality. Reassuringly,
the majority of children accept that offer, and stay on in the center.23

Finally, measuring the quality of an institution is not straightfor-
ward. We cannot, for instance, rule out that some of the staff composi-
tion measures such as the share of child care teachers or the share of
male staff correlate with other unobserved features of a particular cen-
ter. We go on to estimatemodels where we include center fixed-effects
to account for unobservable center characteristics such asmanagement,
premises or a specific pedagogical approach. We also perform robust-
ness checkswherewe control for other observed features of a particular
center. One such feature is characteristics of the peers such as the share
23 While it would be somewhat easier to interpret our results in an IV framework
instrumenting the center characteristics of the attended center with the characteristics
of thefirst offered center, we refrain from this as it can be argued that the exclusion restric-
tion may not hold. Some families may decline the first offer if they are unhappy with the
lottery assignment, and hence postpone child care start (and starting age). If starting child
care later affects child outcomes (as is found in our setting byDrange and Havnes (2019)),
an IV analysis will yield biased estimates.
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of children with immigrant background and the share of children with
parents with higher education.
26 We have also produced results from a specification where we instrument for charac-
5. Results

5.1. Main results

Table 6 reports ourmain results.We showestimates for the relation-
ship between child care center input and child care characteristics for
language (first four columns) and mathematics (last four columns).
All models are based on Eq. (1), and include controls for parental pref-
erences for child care centers as well as for background characteristics.
The first column under each subject reports the result as a percentage of
the standard deviation. From the first row (starting with language re-
sults in the first column) we see that estimates for tenure are close to
zero.24 In line with the study by Goertz et al. (2018) showing positive
fixed effect estimates of male staff in the child care center on child
test scores, we alsofind that the share ofmales on the staff predicts pos-
itive child cognitive development. In our case, point estimates are pos-
itive for both language and mathematics, although the mathematics
results are smaller and not significant. We find little evidence that test
scores are higher if a child is offered a slot in a center with a higher
share of staff with child care teacher degrees. This is in line with evi-
dence from the education literature, where formal qualifications ex-
plain little of the variation in teacher quality (Krueger, 1999; Rivkin
et al., 2005). The share of staff with immigrant backgrounds does not
seem to cause variation in child outcomes. Interestingly, we find that
children who are offered a slot in a center where employees have a
higher level of sick leave, perform worse on tests in both language
and mathematics during their early school years. This is similar to
what has been found for school children (Clotfelter et al., 2009), for
whom teacher absences have a negative effect on learning. Lastly, esti-
mates for center size and the share of children per adults are close to
zero for all outcomes.

Mean estimates may mask important heterogeneity in cases where
the composition of the child care center staff is more or less important
for children depending on their ability and/or family background.
While keeping inmind that the distribution of the test scores is skewed,
and quite different from the often bell-shaped test scores considered in
the literature, we want to consider how estimates vary across the test
score distribution. The remaining columns in Table 6 report results
from Eq. (1) with the outcome being a dummy variable equal to one if
pupil i scores above the 25th, 50th and 75th percentiles respectively.25

Estimates reveal a pattern similar to that for themain results. In general,
neither tenure, share with child care teacher education or share of staff
with immigrant background turn out to be important for child cognitive
development in any part of the test score distribution. However, the re-
lationship between the share of male staff and language development is
substantial and driven by children scoring above the 25th and the 50th
percentiles. Sick leave among the child care staff appears to be detri-
mental to child achievement in the higher part of the test score distribu-
tion, for both language and mathematics. As already mentioned, the
tests are intended to detect whether children are underperforming.
Thus scoring above the 75th percentile may not be very informative.
In some of the remaining tables we therefore only report results for
whether or not the child scores above the 25th and the 50th percentiles,
as we consider these two outcomes to be most relevant, given the na-
ture of the test and consequently the distribution of the test scores.

Taking a closer look at themagnitude of increasing the share ofmale
staff, the size of the point estimate suggests that if a child is offered a slot
24 For robustness we also run our main regression with a variable capturing the average
age of the staff in the center instead of average tenure. This does not affect the results. Re-
sults are available from the authors upon request.
25 We also constructed alternative measures for poor performance, and the results are
stable.
in a center where the share of male staff is 1 rather than 0, child lan-
guage test scores increase by 52% of a standard deviation and the likeli-
hood of scoring above the 25th and 50th percentiles increases by about
37 and 53 percentage points, respectively. While these estimates seem
large, being offered a slot in a center where the share of male staff is 1
rather than 0 is a rather hypothetical exercise. When we consider
Appendix Table 10 and Fig. 1, we see that virtually none of the centers
have a share of male staff higher than 0.5. However, the standard devi-
ation of the share of male staff is 0.10. Thus, receiving an offer of enroll-
ment in a centerwith a one standard deviation higher share ofmale staff
implies that a child's language test score increases by 5.2% of a standard
deviation, and the likelihood of the child scoring above the 50 percentile
increases by about 5.3 percentage points. The former is slightly higher,
but comparable to findings in the study by Goertz et al. (2018), which
shows that increasing the male share of staff by 10% translates into an
increase of 3.5 and 2.1%of a standard deviation for boys and girls respec-
tively. Similarly, being offered a slot in a center where the share of sick
leave days is one standard deviation higher (SD = 0.06), translates
into a reduction in language test scores of 17.9% of the standard devia-
tion and a reduction in the likelihood of scoring above the 75th percen-
tile by about 8 percentage points for language and 9.9 percentage points
for mathematics. As discussed in Section 4, the results must be
interpreted as the (reduced form) effect of receiving an offer froma cen-
ter with a certain quality.26

The distribution of the center quality characteristics is somewhat
skewed, and we take this into account by also estimating models
where the center characteristics are defined as dummy variables equal
to one if the particular characteristic at the center level is equal to or
above themedian or the 75th percentile in the sample of child care cen-
ters in our data. Results are reported as figures for the sake of simplicity.
Results for language are displayed in Appendix Fig. 3, and results for
mathematics in Appendix Fig. 4. Each sub-figure presents the results
of two separate regressions. The squared (green) line represents point
estimates from specifications where the center characteristics are
dummy variables for being equal to or above the 50th percentile,
whereas the circle (yellow) line represents point estimates from speci-
ficationswhere the center characteristics are dummy variables for being
equal to or above the 75th percentile.

Results for sick leave and male employees are similar to what we
saw in Table 6, but only significant at (or close to) the 5% level for the
sub-sample of centers where the share of male staff or sick leave is
equal to or above the 75th percentile. This is particularly pronounced
for sick leave, as we find no negative relationship between receiving
an offer from a center with sickness absence above the median and
test scores in language and mathematics. When sickness absence is
above the 75th percentile, however, children score substantially lower
on test scores in both subjects. These findings indicate that male staff
need to be above a certain threshold to be related to child language de-
velopment.Moderate sick leave among staff in a center is not something
to worry about, but is detrimental to child outcomes when the institu-
tion is among the 25% centers with highest sick leave.

5.2. Heterogeneity

Evidence from the classroom suggests that male teachers are partic-
ularly important for boys (Dee, 2005, 2007), but may also have a posi-
tive impact on girls' mathematics results (Dee, 2007; Antecol et al.,
2015). In the child care literature, Goertz et al. (2018) find that an in-
crease in the share of male staff does indeed predict higher child test
teristics of the first child care center attended with characteristics of the first offered cen-
ter. The findings are very similar, and are available from the authors upon request. 13% of
the children in our sample did not accept the first offer. Even though it is endogenous
whether one accepts the first offer or not, we run a regression where we exclude these
children. As we can see in row (6) and (12) in Appendix Tables 15 and 16, this leaves
the results unaltered.



Table 6
Main results: child care center characteristics and performance in language and mathematics.

Language Mathematics

% of SD ≥25th ≥50th ≥75th % of SD ≥25th ≥50th ≥75th

Tenure 0.002 −0.009 0.011 0.035⁎⁎ 0.001 0.006 0.024 0.010
(0.027) (0.015) (0.020) (0.018) (0.033) (0.020) (0.022) (0.017)

Male 0.522⁎⁎ 0.367⁎⁎⁎ 0.533⁎⁎⁎ 0.169 0.220 0.096 0.065 −0.024
(0.242) (0.131) (0.170) (0.165) (0.267) (0.150) (0.184) (0.158)

Child care teachers −0.228 −0.113 0.021 −0.140 0.097 0.188 0.024 0.023
(0.274) (0.131) (0.180) (0.186) (0.257) (0.144) (0.182) (0.172)

Imm background 0.008 0.050 −0.037 −0.023 0.145 0.042 0.106 0.034
(0.211) (0.107) (0.139) (0.116) (0.209) (0.113) (0.133) (0.107)

Sick-days 1.076⁎⁎ −0.297 −0.544⁎ −0.480⁎ −0.778 −0.439 −0.394 −0.595⁎⁎

(0.442) (0.233) (0.280) (0.280) (0.508) (0.279) (0.309) (0.266)
Ln(nr. children) −0.016 0.025 0.012 0.005 −0.078 −0.006 −0.005 −0.015

(0.064) (0.034) (0.037) (0.036) (0.059) (0.031) (0.036) (0.031)
Nr children/nr employee −0.014 −0.001 −0.019 −0.026 −0.016 −0.019 −0.012 −0.017

(0.032) (0.017) (0.022) (0.021) (0.031) (0.018) (0.019) (0.018)

Note: N=2175 children. Estimates are from estimating Eq. (1)with OLS regression. All child care characteristics aremeasured at the child care center level. As ameasure of tenurewe use
average years the current employees have beenworking in a given center. Other staff characteristics aremeasured as shares. Included in all specifications are dummyvariables for parents'
preferences where we control separately for the first-ranked center, a constant term and the family background variables listed in Section 3.1 and Appendix Table 10, (staff's) tenure
squared and dummy variables for the child's birth year and month, mother's continent of origin, number of ranked centers, application year, city districts and interaction terms between
application year and city districts. Standard errors are clustered at the (first offered) center level and are robust to heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1%
level.
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scores in 2nd grade, but the results are similar for boys and girls. In Panel
A of Appendix Table 12 we report results from a regression where we
interact the child's gender (boy) with the fraction of male employees.
The sign of the interaction coefficient varies across specifications but is
not statistically significant.27

It has been hypothesized that teachers could be more responsive to
the needs of children who share their racial or ethnic background (Dee,
2004). Dee (2004) finds for the US that both black and white children
benefit from a same-race teacher, while results for Denmark in
Bauchmuller et al. (2014) suggest that ethnicminority children gain sig-
nificantly less from a higher share of ethnic minority staff than children
without such background. In panel B of Appendix Table 12 we investi-
gate this for Norway anddisplay the results of interacting the child's im-
migrant background with the fraction of the staff with immigrant
background. The sign of the interaction term is not statistically signifi-
cant. In brief, overall we see little evidence of a pattern of difference
across groups.
5.3. Robustness

In ourmain specificationwe present estimates frommultivariate re-
gressions that include all the center characteristics. In Table 7 we report
results from separate regressions for the center characteristics. The idea
is to check whether some of these characteristics are correlated. The re-
sults of these bivariate regressions are very similar to the multivariate
regression in Table 6 with an exception for tenure, for which estimates
are negative for language development.

In Appendix Tables 15 and 16 we present results from several spec-
ifications to further explore the robustness of our results. The lower
panel of the table indicateswhich controls are included in the respective
models. We report results for whether child test scores are above the
25th or 50th percentile, but for simplicity we will focus on the latter
when discussing results. We start out with a naive specification where
we regress child test scores on child care characteristics (Model 7),
and go on to add background characteristics in Model 8. In Model 9
we addpreferences, giving us the same specification as ourmain results.
Comparing these estimates may give us an idea of how families select
27 It has been hypothesized that male staff may be important role models for children
with fewmale rolemodels at home (such as children of singlemothers). In order to inves-
tigate this, we estimate a model in which we interact a dummy variable that takes the
value one if the mother was registered as having no partner the year the child was born
with the fraction of male staff. The results give no support to this hypothesis.
their children into centers. Point estimates for male employees are sim-
ilar across specifications in model 7–9, particularly for language results.
Findings for the share of staff on sick-leave are stronger when we add
preferences in 9 (compared to Model 7 and 8).

In the Norwegian school admission system, children are admitted to
schools depending on catchment area. While parents may apply to an-
other school than their catchment area school, this is not common and
such admission will only be granted if there are available slots after
catchment area children have been admitted. Nevertheless, we cannot
rule out that some families choose to apply for another school based
on which child care center they were admitted to. Compared with the
main results in Model 9, including school fixed effects in Model 10
leave the results unaltered.

A closer distance to the center may lead to more quality time with
the parents or tomore interaction with peers on weekends. We also re-
member from Table 2 that parents seem to prefer a center closer to the
home. We go on to explore this by including distance from home as a
separate variable. In row 11 in Appendix Tables 15 and 16 we see that
the point estimate for distance is very small, and the other point esti-
mates are similar to the main specification. This suggests that distance
in our setting do not explain variations in child performance.

While our specification controls for selection of children into child
care centers, we do not take into account the selection of staff to differ-
ent child care centers. This implies that the positive point estimate of
male staff and the negative point estimate of sickness absence could
capture that male employees and sickness absence are correlated with
observed and/or unobserved features of the center that are not picked
up in our model and which also affects children's cognitive develop-
ment. We go on to look at whether centers that differ in terms on
male staff and staff on sick leave also differ along other observable di-
mensions. In Table 8 we divide child care centers into two groups de-
pending on whether the share of male staff (panel A) and the share of
staff sick-days (panel B) is below or above the median. In [] we report
p-values from a t-test on whether the characteristics are significantly
different across the two groups of centers. While we see that tenure is
somewhat lower in centers with a high share of male employees, and
that these centers also are on average bigger, other differences are
small in magnitude. Turning to Panel B, we note that centers with
high sickness absence have a somewhat higher share of staff with immi-
grant background and also here tend to be bigger. Otherwise differences
here, too, are small.

Another way of exploring whether male staff and staff with better
unobserved health select into “better” centers, could be to account for



Table 7
Child care center characteristics and child performance in language and mathematics, separate regressions for each outcome.

Language Mathematics

% of SD ≥25th ≥50th ≥75th % of SD ≥25th ≥50th ≥75th

Tenure 0.031⁎⁎ −0.011⁎ −0.016⁎ 0.000 −0.018 −0.004 −0.002 −0.005
(0.015) (0.006) (0.008) (0.009) (0.015) (0.008) (0.010) (0.008)

Male 0.576⁎⁎ 0.390⁎⁎⁎ 0.585⁎⁎⁎ 0.179 0.219 0.121 0.055 −0.008
(0.245) (0.129) (0.170) (0.164) (0.267) (0.150) (0.183) (0.152)

Child care teachers −0.209 −0.114 0.087 −0.071 −0.001 0.182 0.009 0.015
(0.235) (0.124) (0.163) (0.171) (0.226) (0.130) (0.168) (0.163)

Imm background 0.017 0.037 −0.093 −0.037 0.126 −0.024 0.084 0.012
(0.192) (0.099) (0.129) (0.104) (0.192) (0.102) (0.121) (0.102)

Sick-leave −1.065⁎⁎ −0.319 −0.528⁎ −0.390 −0.715 −0.389 −0.320 −0.536⁎⁎

(0.442) (0.234) (0.284) (0.277) (0.503) (0.273) (0.306) (0.264)
Ln(nr children) −0.003 0.032 0.025 −0.007 −0.072 −0.003 −0.013 −0.018

(0.063) (0.032) (0.036) (0.036) (0.057) (0.029) (0.034) (0.032)
Nr children/nr staff −0.017 −0.000 −0.023 −0.025 −0.017 −0.017 −0.009 −0.013

(0.031) (0.016) (0.021) (0.020) (0.031) (0.017) (0.019) (0.017)

Note: N=2175 children. Themodels are estimated byOLS,with a separate regression for each quality indicator. All child care characteristics aremeasured at the child care center level. As
a measure of tenure we use average years the current employees have been working in a given center. Other staff characteristics are measured as shares. Included in all specifications are
dummy variables for parents' preferenceswherewe control separately for the first-ranked center, a constant term and the family background variables listed in Section 3.1 and Appendix
Table 10 and dummy variables for the child's birth year andmonth, mother's continent of origin, number of ranked centers, application year, city districts and interaction terms between
application year and city districts. In the model wherewe estimate the reduced form effect of (staff's average) tenurewe also control for (staff's average) tenure squared. Standard errors
are clustered at the (first offered) center level and are robust to heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.

Table 8
Characteristics of centers with low vs high share of male employees and sickness absence.

Panel A Panel B

Male staff (share) Staff sick-days (share)

Low High Diff Low High Diff

Mean staff tenure (years) 3.53 2.76 [0.000] 3.15 3.19 [0.812]
Child care teachers (share) 0.20 0.21 [0.200] 0.21 0.20 [0.304]
Male staff (share) 0.04 0.21 [0.000] 0.12 0.11 [0.474]
Imm background (share) 0.25 0.25 [0.840] 0.24 0.26 [0.027]
Staff Sick-days (share) 0.09 0.10 [0.450] 0.05 0.14 [0.000]
Nr children/nr employees 3.4 3.2 [0.002] 3.4 3.3 [0.0540]
Nr children 61 66 [0.005] 60 66 [0.002]
N 492 429 421 500

Note: Remark about unit of observation: Since observable characteristics of any centermay vary in the course of a year, the unit of observation is center-year. All child care characteristics
are measured at the center-year level and reported as means. As a measure of tenure we use average years the current employees have been working in a given center. Other staff char-
acteristics are measured as shares.
In [] we report p-values from a t-test on whether themean characteristics in centers with a high share of male and a high share of sickness absence differ from centers with a low share of
male employees and a low share of sickness absence.
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peer characteristics. If such selection does occur among staff, controlling
for the share of childrenwith college-educated parents and the share of
children with an immigrant background should lead to smaller effect
estimates. Results when adding peer characteristics are reported in
Appendix Table 13 and are very similar to those in the main specifica-
tion in Table 6.28

Male and female staff may differ along dimensions that are not
picked up by our main specification, for instance may the child care
teacher degree fail to capture important cognitive skills. Or perhaps fe-
male and male staff differ when it comes to cognitive skills that are un-
observed at the time of observation. In Table 9 we report averages of
observed individual characteristics for females (column 1) and males
(column 2) working in the child care centers in our sample. In the
third column we report the difference in mean and the p-value from a
t-test for whether the mean characteristics differ across females and
males. Row 1 of Table 9 displays the mean years of schooling ever
28 We construct measures of peer composition by averaging the background character-
istics of children from a certain cohort in a certain year enrolled in a certain center. For ex-
ample, for children born in 2004, we will construct measures of peer quality by matching
each centerwith its respective 2004-born children, and then averaging parental education
and immigrant background on the basis of these children.
completed (also after we have observed them in the child care center)
and reveals that this do not differ between male and female child care
staff. On average male staff are less sick than female staff. They are
also younger, and have shorter center tenure. The latter explains why
tenure is lower in centers with a high share of male staff, like we ob-
served in Table 8 above. Given that sick-leave and center tenure already
is accounted for in our results, and that the point estimates formale em-
ployees are very similar in the multivariate (Table 6) and the bivariate
(Table 7) regressions, it seems unlikely that these differences can ex-
plain that children in centers with a high share of male staff perform
better on tests in language.

While we find little evidence that the shares of male employees and
sick leave at the center level correlate systematically with observables
that may explain the effect on child development, the question as to
whether something unobservable correlates with the quality character-
istics still remains. We go on to add center fixed effects to take into ac-
count time-invariant conditions in the center such as management,
premises or a specific pedagogical approach that may also influence
the children's performance. We report estimates from this specification
in Appendix Table 14. Keeping in mind that this specification demands
quite a lot from the data, we should not be surprised by the higher stan-
dard errors. From the first column (language) and fifth column



Table 9
Background statistics on child care staff, by gender.

Female Male Difference N

Mean St.dev Mean St.dev Mean p-Val

Years of schooling 12.38 (4.23) 12.46 (3.74) 0.082 [0.424] 15,686
Long term sick leave (frac), certified by GP 0.10 (0.21) 0.06 (0.15) −0.044 [0.000] 16,697
Tenure (years) 3.2 (5.1) 1.6 (2.9) −1.60 [0.000] 16,036
Age 37.90 (12.01) 31.18 (10.78) −6.73 [0.000] 16,697

Note: Unit of observation is the individual child care center employee.
In [] we report p-values from a t-test on whether the mean characteristics differ across gender.
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(mathematics) we see that estimates for the male share of staff appear
to be even stronger in the fixed effects specification, albeit less precisely
estimated. For mathematics, too, point estimates are positive, but very
imprecise. All in all it seems safe to conclude that the positive relation-
ship between the share of male staff and child language development
is robust to the inclusion of center fixed-effects, a finding that supports
a causal interpretation of the estimates. Estimates for sick leave are very
similar inmagnitudewith regard to language, but somewhat smaller for
mathematics.

6. Conclusion

Well-identified causal studies of child care quality are scarce. To
credibly estimate the causal effects of child care quality, we need to ac-
count for endogenous sorting of children into centers. We aim to ex-
pand this literature by assessing how parents value structural quality
inputs in the child care center, and whether child cognitive develop-
ment differs systematically depending on the characteristics of the
child care center. We account for possible selection into centers with
different characteristics by taking advantage of a unique data set on ap-
plications for child care, detailed records on use of child care and an al-
location mechanism that randomly matched children to centers
conditioned on observable characteristics. During the years covered by
our data, child care centers in Oslo were oversubscribed. While most
childrenwhowanted to attend a child care center would eventually en-
roll, themajority ended up enrolling in a different child care center from
the one they actually preferred. Our rich registry data allow us to study
how test scores in primary school differ among children whose parents
initially applied for the same center(s), but due to the lottery got offers
of enrollment from centers with variations in staff education, tenure,
sickness absence, as well as in their shares of male and immigrant
staff and the child/employee ratio.

Our findings suggest that parents prefer child care centers that are
situated close to the home, and that the likelihood of choosing a center
with a high share of child care teachers increases with father's income.
In line with Walters (2015), we find no indication that child test scores
differ depending on teacher characteristics such as education. We do,
however, find that children allocated to centers with a higher share of
male staff perform better on tests in language in their early school
years, with results similar to those found for Denmark (Goertz et al.,
2018). Sub-sample analysis suggests that male staff may be important
for the development of both boys and girls. Higher sickness absence in
a center predicts lower child test scores in both language and mathe-
matics, as is also seen for school children in the US (Clotfelter et al.,
2009).

Looking more closely for possible explanations, we find little evi-
dence that centers with a high share of male staff or of sickness absence
differ along observable dimensions compared to centers with a low
share. Male employees in the child care center are somewhat younger
and have lower sickness absence compared to their female counter-
parts. However, given that models with these explanatory variables in-
cluded yield similar estimates, there is not much to suggest that lower
age and less sick leave can explain the male effect. Nor does including
peer characteristics, such as the parental education and immigrant
background of other children in the center change the estimates for ei-
ther male staff or sickness absence. We go on to estimate center fixed-
effects that take into account features of the center such as pedagogical
approach, premises or management. This approach yields a similar esti-
mate for the positive relationship between the share of male staff and
child development, supporting a causal interpretation of the result. As
regards the negative relationship between high sick leave and child de-
velopment, we find similar estimates overall, though they are slightly
less robust than the finding for male staff.

Several mechanisms may explain our findings. First, as suggested
by Dee (2007), male teachers can influence children's engagement or
behavior by acting as role models. Second, if same-gender teachers
communicate different expectations to boys and girls, the presence
of male staff in the child care center could be positive for child devel-
opment. None of our sub sample analyses indicate that boys are af-
fected differently from girls, perhaps suggesting that role model
theory is less important in our setting. Drawing on theory and evi-
dence from the development psychology literature, certain types of
physical play which are typically initiated by males, have been
shown to facilitate social skills practice and aggression regulation
(Storli and Sandseter, 2017). Norwegian child care centers focus on
learning through play, and in such a setting it may matter whether
all activities are initiated by female staff or whether male staff also
contributes. Ultimately, while our findings may indicate that male
employees interact with the children in a different way from their fe-
male co-workers, we still cannot rule out that men who decide to
have a career in the female dominated child care sector may be par-
ticularly motivated and/or suited for working with children, and that
this enhances child development. When it comes to understanding
the negative effect of high sick leave, we lean on findings from the
psychology literature that emphasize the importance of stable
child-caregiver relationships during early childhood for later devel-
opment (Bowlby, 1969; Sroufe et al., 2010). We study a setting
where children enter child care at an early age, and where the pres-
ence of stable caregivers in the center may be particularly important
for early child development. Moreover, if there are fewer staff at
work than originally planned, it seems self-evident that there is
less time to provide a stimulating environment for the individual
child.

There has long been a consensus among psychologists, neurobiolo-
gists and economists that investing in early childhood is imperative, as
this is a particularly sensitive period when the child's brain is at its
most receptive, and the foundation for cognitive and socio-emotional
capacities is being developed (Knudsen et al., 2006). Our results suggest
that public policy should take into account the gender balance of staff in
early childhood education, and that managers should pay attention to
high sick leave among employees in the sector. Our findings also pro-
vide valuable information for parents who have to decide whether to
enroll their child in a center with a high vs a low share of male staff,
or high vs low sickness absence among the staff.
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Appendix
Fig. 2. Distribution of scores in language and mathematics.
Table 10
Summary statistics of all included variables.
O

E

Mean
 St.dev
utcome variables

Standardized achievement scores in language
 0.05
 0.80

Standardized achievement scores in mathematics
 0.04
 0.83

xplanatory variables

Child care center level

Tenure in years
 2.98
 2.36

Share of staff with child care teacher education
 0.199
 0.097

Share of male employees
 0.115
 0.102

Share of employees with an immigrant background
 0.253
 0.161

Share of long termsick-leave among staff
 0.095
 0.059

Nr. of children
 67.86
 33.30

Nr. of children/Nr. of employees
 3.28
 0.86
Individual level (reported are averages)

Boy
 0.504
 0.500

Father's income (NOK)
 290,324
 1,374,957

Parents high education (17+)
 0.38
 0.49

Immigrant background
 0.254
 0.435

Young mother
 0.077
 0.266

Young father
 0.025
 0.157

Age when receiving the first offer
 1.8
 0.95
N=2175. Long term sick-leave is all sick leave spells lasting formore than tendays.Weobtain ourmeasure of long term sick-leave at the center level by dividing the numberdays absent due to
long-term sick-leave with number of contractual working days. Parents are defined to have higher education if average years of schooling of mother and father are 17 or larger. The child is
defined to have immigrant background if it is born by two foreign-born parents. Mothers and fathers are defined to be young if they were younger than 22 years when the child was born.
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Table 11

Summary statistics of background characteristics across different samples, reported are averages.
Fi
va
ye
ce
ce
gr
(s
se
m
te
B
Fa
P
Im
Y
Y

g. 3. Performance in reading. Note: N= 217
riables taking the value one if equal to or abo
ars) among staff in the particular center is e
nter is equal to or above the median or the
nter is equal to or above the median or the 7
ound is equal to or above themedian or the 7
pells lasting longer than 10 days) is equal to
parately for the first-ranked center, a consta
onth, mother's continent of origin, number o
red at the first offered institution level and a
Children ever applying
5 children. The figure reports OLS estimate
ve themedian or 75th percentile in the po
qual to or above the median or 75th perc
75the percentile; ‘Child care’ = dummy v
5th percentile; ‘Immigrant’= a dummy v
5th percentile; ‘Sick-leave’=adummyva
or above the median or the 75th percent
nt term and the family background varia
f ranked centers, application year, city dis
re robust to heteroskedasticity.
Excl private on 1 rank
s from estimating Eq. (1) when measurin
pulation of child care centers: ‘Tenure’=
entile; ‘Male’ = dummy variable taking t
ariable taking the value one if the share o
ariable taking the value one of the share o
riable taking the value one if the share of d
ile. Included in all specifications are dumm
bles listed in Section 3.1 and Appendix T
tricts and interaction terms between app
Excluding Priority
g center characteristics (at the cente
dummy variable taking the value 1 if
he value one of the share of male sta
f staff with a child care teacher degre
f staff in the particular center with a
ays the staff has been absent due to lo
y variables for parents' preferences

able 10, dummy variables for the chi
lication year and city districts. Standa
Lottery sample
oy
 0.504
 0.505
 0.501
 0.504

ther's income (NOK)
 359,538
 313,097
 326,314
 290,324

arents high educ (17+)
 0.42
 0.37
 0.39
 0.38

migrant background
 0.25
 0.31
 0.29
 0.254
oung mother
 0.04
 0.05
 0.04
 0.077

oung father
 0.01
 0.02
 0.01
 0.025

r obs
 19,281
 13,724
 10,611
 2175
N
Note: The unit of observation is the child. Parents are defined to have higher education if average years of schooling of mother and father are 17 or larger. The child is defined to have
immigrant background if it is born by two foreign-born parents. Mothers and fathers are defined to be young if they were younger than 22 years when the child was born.
r level) as dummy
average tenure (in
ff in the particular
e in the particular
n immigrant back-
ng term sick-leave
where we control
ld's birth year and
rd errors are clus-



Fig. 4. Performance in mathematics. Note: N = 2175 children. The figure reports OLS estimates from estimating Eq. (1) when measuring center characteristics (at the center level) as
dummy variables taking the value one if equal to or above themedian or 75th percentile in the population of child care centers: ‘Tenure’=dummy variable taking the value 1 if average
tenure (in years) among staff in the particular center is equal to or above the median or 75th percentile; ‘Male’ = dummy variable taking the value one of the share of male staff in the
particular center is equal to or above the median or the 75the percentile; ‘Child care’ = dummy variable taking the value one if the share of staff with a child care teacher degree in the
particular center is equal to or above the median or the 75th percentile; ‘Immigrant’= a dummy variable taking the value one of the share of staff in the particular center with an immi-
grant background is equal to or above themedian or the 75thpercentile; ‘Sick-leave’=adummyvariable taking the value one if the share of days the staff has beenabsent due to long term
sick-leave (spells lasting longer than 10 days) is equal to or above themedian or the 75th percentile. Included in all specifications are dummy variables for parents' preferences where we
control separately for the first-ranked center, a constant term and the family background variables listed in Section 3.1 and Appendix Table 10, dummy variables for the child's birth year
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and month, mother's continent of origin, number of ranked centers, application year, city districts and interaction terms between application year and city districts. Standard errors are
clustered at the first offered institution level and are robust to heteroskedasticity.
Table 12

Subsample analysis: The effect of child care center characteristics on children's performance in language and mathematics, when including interaction terms.
T

M

C

Im

S

Ln

N

0

A
 B
≥25th
 ≥50th
 ≥25th
 ≥50th
L
 M
 L
 M
 L
 M
 L
 M
enure
 −0.009
 0.006
 0.010
 0.024
 −0.010
 0.006
 0.012
 0.025

(0.015)
 (0.020)
 (0.020)
 (0.023)
 (0.015)
 (0.020)
 (0.020)
 (0.022)
ale
 0.300⁎
 0.210
 0.783⁎⁎⁎
 0.220
 0.368⁎⁎⁎
 0.097
 0.532⁎⁎⁎
 0.065

(0.181)
 (0.200)
 (0.210)
 (0.229)
 (0.132)
 (0.150)
 (0.170)
 (0.184)
hild care teachers
 −0.115
 0.191
 0.028
 0.028
 −0.107
 0.191
 0.013
 0.021

(0.132)
 (0.144)
 (0.181)
 (0.182)
 (0.133)
 (0.145)
 (0.181)
 (0.181)
m background
 0.049
 0.043
 −0.034
 0.109
 0.003
 0.021
 0.020
 0.124

(0.107)
 (0.114)
 (0.139)
 (0.134)
 (0.119)
 (0.122)
 (0.158)
 (0.144)
ick-days
 −0.307
 −0.421
 −0.505⁎
 −0.370
 −0.295
 −0.438
 −0.547⁎
 −0.395

(0.234)
 (0.278)
 (0.275)
 (0.305)
 (0.233)
 (0.280)
 (0.281)
 (0.309)
(nr. children)
 0.024
 −0.005
 0.014
 −0.004
 0.026
 −0.006
 0.011
 −0.005

(0.034)
 (0.031)
 (0.037)
 (0.036)
 (0.034)
 (0.031)
 (0.038)
 (0.036)
r children/nr employee
 −0.001
 −0.019
 −0.019
 −0.012
 −0.001
 −0.019
 −0.019
 −0.012

(0.017)
 (0.018)
 (0.022)
 (0.019)
 (0.017)
 (0.018)
 (0.022)
 (0.019)
Boy*Male employees (frac)
 Imm*Imm staff (frac)
.135
 −0.232
 −0.506
 −0.315
 0.175
 0.077
 −0.214
 −0.066

.252)
 (0.268)
 (0.315)
 (0.305)
 (0.212)
 (0.211)
 (0.229)
 (0.214)
(0
Note: N= 2175 individuals. The table reports OLS estimates from estimating Eq. (1) with interaction terms between the child's gender and the fraction of male employees (panel A) and
between the child's immigrant status and the fraction of employeeswith an immigrant background (panel B). L= Language,M=Mathematics. All child care characteristics aremeasured
at the child care center level. As a measure of tenure we use average years the current employees have beenworking in a given center. Other staff characteristics are measured as shares.
Included in all specifications are dummy variables for parents' preferences where we control separately for the first-ranked center, a constant term and the family background variables
listed in Section 3.1 and Appendix Table 10, (staff's) tenure squared and dummy variables for the child's birth year and month, mother's continent of origin, number of ranked centers,
application year, city districts and interaction terms between application year and city districts. Standard errors are clustered at the (first offered) center level and are robust to
heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.
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Table 13

Mechanisms: The effect of child care center characteristics on children's performance in language and mathematics, when controlling for peer characteristics.
Te

M

C

Im

Si

Ln

N

P
C
p
Im

Te

M

C

Im

Si

Ln

N

Te

M

C

Im

Si

Ln
Language
 Mathematics
≥25th
 ≥50th
 ≥25th
 ≥50th
nure
 −0.010
 0.012
 0.007
 0.025

(0.015)
 (0.020)
 (0.019)
 (0.022)
ale
 0.370⁎⁎⁎
 0.529⁎⁎⁎
 0.104
 0.042

(0.132)
 (0.172)
 (0.152)
 (0.186)
hild care teachers
 −0.101
 0.014
 0.181
 −0.024

(0.134)
 (0.185)
 (0.147)
 (0.186)
m. background
 0.037
 −0.027
 0.040
 0.170

(0.109)
 (0.140)
 (0.114)
 (0.141)
ck-days
 −0.309
 −0.569⁎⁎
 −0.449
 −0.348

(0.233)
 (0.281)
 (0.277)
 (0.316)
(nr children)
 0.024
 0.012
 −0.007
 0.002

(0.034)
 (0.038)
 (0.031)
 (0.037)
r children/nr employees
 −0.003
 −0.018
 −0.019
 −0.004

(0.017)
 (0.022)
 (0.018)
 (0.020)
eer characteristics

ollege edu
 0.002
 −0.109
 −0.149
 0.063

arents(share)
 (0.114)
 (0.144)
 (0.118)
 (0.136)

migrant
 0.039
 −0.112
 −0.064
 −0.168
ackground (share)
 (0.097)
 (0.116)
 (0.102)
 (0.114)
b
Note: N= 2175 individuals. The table reports OLS estimates from estimating Eq. (1) when controlling for peer characteristics. All child care characteristics are measured at the child care
center level. As a measure of tenure we use average years the current employees have been working in a given center. Other staff characteristics are measured as shares.
Included in all specifications are dummy variables for parents' preferences where we control separately for the first-ranked center, a constant term and the family background variables
listed in Section 3.1 and Appendix Table 10, (staff's) tenure squared and dummy variables for the child's birth year and month, mother's continent of origin, number of ranked centers,
application year, city districts and interaction terms between application year and city districts. Standard errors are clustered at the first offered institution level and are robust to
heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.
Table 14

The effect of child care center characteristics on children's performance in language and mathematics, when controlling center fixed effects.
LANGUAGE
 MATHEMATICS
% of SD
 ≥25th
 ≥50th
 ≥75th
 % of SD
 ≥25th
 ≥50th
 ≥75th
nure
 −0.019
 −0.006
 0.048
 0.070
 −0.074
 −0.076
 0.001
 −0.030

(0.112)
 (0.055)
 (0.079)
 (0.068)
 (0.103)
 (0.067)
 (0.076)
 (0.065)
ale
 1.567⁎⁎
 1.071⁎⁎⁎
 0.573
 −0.142
 0.859
 0.290
 0.671
 0.249

(0.723)
 (0.354)
 (0.440)
 (0.436)
 (0.776)
 (0.412)
 (0.477)
 (0.401)
hild careteachers
 0.543
 0.255
 0.060
 0.108
 0.932
 0.404
 0.255
 0.595

(0.628)
 (0.330)
 (0.421)
 (0.422)
 (0.698)
 (0.365)
 (0.453)
 (0.465)
m background
 0.280
 0.254
 0.044
 0.026
 0.351
 −0.134
 0.121
 0.316

(0.609)
 (0.342)
 (0.424)
 (0.335)
 (0.642)
 (0.400)
 (0.374)
 (0.333)
ck-days
 −1.161
 −0.245
 −0.472
 −0.535
 −0.066
 0.088
 −0.323
 −0.272

(0.918)
 (0.464)
 (0.581)
 (0.553)
 (0.986)
 (0.491)
 (0.563)
 (0.495)
(nr children)
 −0.322
 −0.120
 −0.114
 0.026
 −0.278
 −0.117
 −0.256⁎
 0.020

(0.218)
 (0.122)
 (0.142)
 (0.184)
 (0.233)
 (0.128)
 (0.139)
 (0.105)
r children/nr employee
 0.010
 0.010
 −0.008
 −0.057
 0.010
 0.001
 −0.001
 0.004

(0.068)
 (0.034)
 (0.051)
 (0.044)
 (0.069)
 (0.042)
 (0.044)
 (0.053)
Note: N=2175 children. The table reports OLS estimates from estimating Eq. (1) with (first offered) center fixed effects. All child care characteristics aremeasured at the child care center
level. As a measure of tenure we use average years the current employees have been working in a given center. Other staff characteristics are measured as shares.
Included in all specifications are dummy variables for parents' preferences where we control separately for the first ranked center, a constant term and the family background variables
listed in Section 3.1 and Appendix Table 10, (staff's) tenure squared and dummy variables for the child's birth year and month, mother's continent of origin, number of ranked centers,
application year, city districts and interaction terms between application year and city districts. Standard errors are clustered at the first offered institution level and are robust to
heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.
Table 15

Robustness checks for language.
≥25th
 ≥50th
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
 (7)
 (8)
 (9)
 (10)
 (11)
 (12)
nure
 0.007
 0.007
 −0.009
 −0.007
 −0.011
 −0.006
 0.001
 −0.001
 0.011
 0.019
 0.011
 0.025

(0.010)
 (0.010)
 (0.015)
 (0.016)
 (0.016)
 (0.021)
 (0.011)
 (0.011)
 (0.020)
 (0.021)
 (0.021)
 (0.026)
ale
 0.289⁎⁎⁎
 0.279⁎⁎⁎
 0.367⁎⁎⁎
 0.389⁎⁎
 0.375⁎⁎⁎
 0.339⁎⁎
 0.385⁎⁎⁎
 0.370⁎⁎⁎
 0.533⁎⁎⁎
 0.534⁎⁎⁎
 0.478⁎⁎
 0.547⁎⁎⁎
(0.080)
 (0.079)
 (0.131)
 (0.155)
 (0.138)
 (0.167)
 (0.109)
 (0.106)
 (0.170)
 (0.179)
 (0.188)
 (0.197)

hild care teachers
 −0.001
 −0.028
 −0.113
 −0.183
 −0.086
 −0.110
 0.037
 0.004
 0.021
 −0.023
 0.019
 −0.089
(0.090)
 (0.090)
 (0.131)
 (0.142)
 (0.139)
 (0.168)
 (0.125)
 (0.122)
 (0.180)
 (0.182)
 (0.188)
 (0.205)

m background
 0.006
 0.022
 0.050
 0.043
 0.045
 0.047
 0.003
 0.024
 −0.037
 −0.027
 −0.038
 −0.100
(0.059)
 (0.058)
 (0.107)
 (0.110)
 (0.107)
 (0.141)
 (0.075)
 (0.074)
 (0.139)
 (0.133)
 (0.140)
 (0.172)

ck-days
 −0.166
 −0.123
 −0.297
 −0.208
 −0.288
 −0.140
 −0.089
 −0.076
 −0.544⁎
 −0.464
 −0.543⁎
 −0.468
(0.139)
 (0.134)
 (0.233)
 (0.253)
 (0.247)
 (0.255)
 (0.190)
 (0.180)
 (0.280)
 (0.285)
 (0.301)
 (0.330)

(nt children)
 0.005
 0.004
 0.025
 0.021
 0.017
 −0.010
 −0.000
 −0.002
 0.012
 0.011
 0.012
 −0.003
(continued on next page)
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able 15 (continued)
N

D

C
-
-
-
K

T

M

P

Im

Si

Ln

N

D

C
-
-
-
K

≥25th
 ≥50th
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
 (7)
 (8)
 (9)
 (10)
 (11)
 (12)
(0.016)
 (0.016)
 (0.034)
 (0.034)
 (0.035)
 (0.039)
 (0.023)
 (0.023)
 (0.037)
 (0.038)
 (0.039)
 (0.046)

r children/nr employee
 0.003
 0.004
 −0.001
 0.000
 0.001
 0.011
 −0.021⁎
 −0.021⁎
 −0.019
 −0.020
 −0.021
 −0.006
(0.010)
 (0.009)
 (0.017)
 (0.018)
 (0.018)
 (0.021)
 (0.012)
 (0.012)
 (0.022)
 (0.022)
 (0.023)
 (0.024)

istance
 −0.001
 −0.003
(0.008)
 (0.009)

ontrolling for:

Fam char
 No
 Yes
 Yes
 Yes
 Yes
 Yes
 No
 Yes
 Yes
 Yes
 Yes
 Yes

Choice set
 No
 No
 Yes
 Yes
 Yes
 Yes
 No
 No
 Yes
 Yes
 Yes
 Yes

School FE
 No
 No
 No
 Yes
 No
 No
 No
 No
 No
 Yes
 No
 No

eep those who accepted 1st offer
 Yes
 Yes

r of obs
 2175
 2175
 2121
 1896
 2175
 2175
 2121
 1896
N
Note: The table reports OLS estimates from estimating different variants of Eq. (1) for language.. All child care characteristics are measured at the child care center level. As a measure of
tenure we use average years the current employees have been working in a given center. Other staff characteristics are measured as shares.
Included in all specifications are dummy variables for parent's preferences where we control separately for the first ranked center, a constant term and the family background variables
listed in Section 3.1 and Appendix Table 10, (staff's) tenure squared and dummy variables for the child's birth year and month, mother's continent of origin, number of ranked centers,
application year, city districts and interaction terms between application year and city districts. Standard errors are clustered at the (first offered) center level and are robust to
heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.
Table 16

Robustness checks for mathematics.
≥25th
 ≥50th
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
 (7)
 (8)
 (9)
 (10)
 (11)
 (12)
enure
 0.004
 0.004
 0.006
 0.013
 0.008
 0.020
 0.020⁎
 0.018
 0.024
 0.031
 0.029
 0.040

(0.011)
 (0.010)
 (0.020)
 (0.020)
 (0.020)
 (0.024)
 (0.011)
 (0.011)
 (0.022)
 (0.023)
 (0.022)
 (0.029)
ale
 0.117
 0.107
 0.096
 0.169
 0.110
 0.088
 0.205⁎
 0.189⁎
 0.065
 0.056
 −0.019
 0.040

(0.090)
 (0.086)
 (0.150)
 (0.162)
 (0.160)
 (0.180)
 (0.106)
 (0.105)
 (0.184)
 (0.200)
 (0.196)
 (0.210)
reschoool teachers
 0.096
 0.069
 0.188
 0.103
 0.188
 0.072
 0.091
 0.058
 0.024
 −0.026
 0.014
 −0.086

(0.102)
 (0.099)
 (0.144)
 (0.144)
 (0.148)
 (0.179)
 (0.122)
 (0.118)
 (0.182)
 (0.195)
 (0.188)
 (0.219)
m ackground
 −0.030
 −0.018
 0.042
 0.083
 0.026
 −0.049
 0.013
 0.024
 0.106
 0.101
 0.083
 0.036

(0.071)
 (0.072)
 (0.113)
 (0.120)
 (0.112)
 (0.137)
 (0.078)
 (0.078)
 (0.133)
 (0.142)
 (0.134)
 (0.149)
ck-days
 −0.180
 −0.127
 −0.439
 −0.328
 −0.395
 −0.403
 −0.016
 0.039
 −0.394
 −0.309
 −0.164
 −0.255

(0.172)
 (0.167)
 (0.279)
 (0.296)
 (0.293)
 (0.316)
 (0.183)
 (0.180)
 (0.309)
 (0.312)
 (0.320)
 (0.363)
(nr children)
 −0.007
 −0.007
 −0.006
 −0.013
 −0.008
 −0.018
 −0.020
 −0.019
 −0.005
 −0.015
 −0.012
 0.005

(0.019)
 (0.019)
 (0.031)
 (0.034)
 (0.033)
 (0.039)
 (0.025)
 (0.024)
 (0.036)
 (0.036)
 (0.037)
 (0.044)
r children/nr employee
 −0.014
 −0.011
 −0.019
 −0.020
 −0.011
 −0.012
 −0.004
 −0.001
 −0.012
 −0.016
 −0.004
 −0.002

(0.011)
 (0.011)
 (0.018)
 (0.018)
 (0.018)
 (0.020)
 (0.012)
 (0.011)
 (0.019)
 (0.021)
 (0.019)
 (0.023)
istance
 0.003
 −0.004

(0.008)
 (0.009)
ontrolling for:

Fam char
 No
 Yes
 Yes
 Yes
 Yes
 Yes
 No
 Yes
 Yes
 Yes
 Yes
 Yes

Choice set
 No
 No
 Yes
 Yes
 Yes
 Yes
 No
 No
 Yes
 Yes
 Yes
 Yes

School FE
 No
 No
 No
 Yes
 No
 No
 No
 No
 No
 Yes
 No
 No

eep those who accepted 1st offer
 Yes
 Yes

r of obs
 2175
 2175
 2175
 2121
 1896
 2175
 2175
 2175
 2121
 1896
N
Note: The table reports OLS estimates from estimating different variants of Eq. (1) formathematics. All child care characteristics aremeasured at the child care center level. As ameasure of
tenure we use average years the current employees have been working in a given center. Other staff characteristics are measured as shares.
Included in all specifications are dummy variables for parents' preferences where we control separately for the first ranked center, a constant term and the family background variables
listed in Section 3.1 and Appendix Table 10, (staff's) tenure squared and dummy variables for the child's birth year and month, mother's continent of origin, number of ranked centers,
application year, city districts and interaction terms between application year and city districts. Standard errors are clustered at the (first offered) center level and are robust to
heteroskedasticity. ⁎/⁎⁎/⁎⁎⁎ denotes statistical significance at the 10/5/1% level.
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