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Abstract

Mandatory minimum staff-to-child ratios are a pervasive childcare market regula-
tion in the US, yet little is known about their effects on children’s skills. This paper
builds an equilibrium model of the childcare market and uses it to simulate the
distribution of children’s skills at preschool entry under various configurations
of these ratios. The model allows for rich family heterogeneity, an endogenous
distribution of childcare quality at each age, and endogenous wages that clear the
market for teachers and childcare workers. I prove identification and estimate the
model using both individual-level and state-level data. Counterfactual simula-
tions show that increasing the stringency of these minimum ratios increases the
wages of childcare workers by up to 4.33% and wages of lead teachers by up to
2.75%. Despite making paid childcare more expensive, more stringent regulations
increase the level of skills at kindergarten entry at virtually each percentile of the
skill distribution. Effects on the skill distribution are more pronounced for children
born to single mothers than those born to two-parent families. These overall effects
on the skill distribution mask large heterogeneity: Increases in ratios’ stringency
translate into big skill gains for some children and large drops for others. Both
family characteristics and the equilibrium adjustment of teacher’s wages are key in
determining the children who gain and lose.

1 Introduction

Governments extensively regulate the childcare market to ensure minimum quality
standards, most notably through mandatory staff-to-child ratios. While these regu-
lations—set in nearly every U.S. state—are intended to foster child development by
increasing adult attention, they create a fundamental economic trade-off: they raise
the quality of formal care but also its price (Hotz and Xiao (2011)). If higher prices
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drive families out of the formal sector and into lower-quality informal arrangements,
regulations designed to protect children could unintentionally harm their develop-
ment. In this paper, I quantify this trade-off and its distributional consequences. In
doing so, I provide, to the best of my knowledge, the first piece of evidence on the
effects of childcare market regulations on children’s skills. To do so, I develop and
estimate a structural equilibrium model of the childcare market that accounts for the
endogenous equilibrium adjustment of childcare prices and teachers” wages, and how
tamilies change their childcare decisions as a result. Using rich data on children and
their environments, I estimate how more stringent regulations shift the aggregate skill
distribution and identify the characteristics of the children who gain—and lose—the
most from these mandates.

Identifying the developmental impacts of these regulations presents a significant
empirical challenge. Traditional reduced-form approaches could recover the average
or quantile treatment effects of the regulations, but only under data requirements that
are not met by the existing survey datasets that contain information on children skills
and their families!. Moreover identifying the distribution of treatment effects without
a structural model typical requires rank-invariance assumptions, which I show are
not met in my model since children who are at the top of the skill distribution under
stringent regulations could be at the bottom under lenient regulations, and viceversa.
This happens because the change in a child’s cognitive development depends on the gap
between formal quality and their specific informal "outside option," a more stringent
mandate can cause significant re-ordering: a child at the top of the skill distribution
under lenient regulations may fall toward the bottom if the policy prices the household
out of formal care, driving a re-sorting into low-quality informal arrangements. To
capture these dynamics, I estimate a structural equilibrium model that captures the
price effect of these regulations across the quality ladder, how families respond to
these changes in prices by reallocating care across childcare arrangements, how these
responses depend on observed and latent family characteristics, and how these family
responses change the skills of children.

In the model, two-parent and single-parent families decide in each period how much
to consume and save, the leisure and work hours of the adult household members,
and crucially, the amount of time the child spends with each of their parents, their
relatives, and in paid childcare. Families also choose the type of paid care that they buy

IFirst, typical nationally representative surveys that contain information on children’s skills at a
young age (such as PSID-CDS, the CNLSY, or the one used in this paper, the ECLS-B) contain at most a cou-
ple of hundred observations for the biggest states, such as Texas or California. This makes inference about
the effects of regulations on the children’s skill distribution infeasible. Second, the ECLS-B, which is ar-
guably the best dataset for the purpose of this paper and the one that I use, follows only one cohort, so one
cannot observe two groups of children of the same age in the same state under two different regulatory
regimes, yielding a differences-in-differences strategy infeasible. Third, the regulations may be endoge-
nous, as the literature already acknowledges (Currie and Hotz (2004)) and recent anecdotal evidence sug-
gests (https://thefga.org/research/covidl9-highlighted-problems—in-childcare/
and https://eu.desmoinesregister.com/story/news/politics/2022/06/16/
more-kids-per-class—-younger-workers—-allowed-iowa-child-care-center-law-regulations/
9587915002/
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(center and home-based childcare) and its quality. Quality of paid care is produced by
competitive childcare providers, who combine the efficiency units of the lead teacher
with the number of adults per child in the classroom (which includes the lead teacher,
but also childcare workers or teacher aids) in order to maximize profits, taking the
wages of teachers and childcare workers as given, as well as the price-quality schedule.
In equilibrium, this price-quality schedule is such that higher-quality childcare is
more expensive than lower-quality childcare. This continuous price-quality schedule
depends on technology parameters, the stringency of the regulations, and the wages of
teachers, which are themselves determined in equilibrium to clear the labor market for
teachers and childcare workers.

In the model, when regulations become more stringent, the price of childcare goes
up. However, it goes up more for lower qualities, since lower-quality producers employ
less staff members per child absent the regulation, which implies that a minimum
requirement on this staff-to-child ratio distorts their cost more. This causes families to
change their demand for quality and quantity of childcare, and some families may find
it optimal to exit the childcare market altogether. The effect of these changes in families’
decisions on the skills of the children depends on whether their demand for quality
of paid care increases or decreases, how families reshuffle the care of their children
across childcare arrangements, and the quality of these childcare arrangements. How
families decisions change depends on the economic resources of these families, but
also on their access to and the quality of their informal childcare arrangements. In
the model, all of these are heterogeneous across families. This is not only crucial to
predict the direction of the change between childcare arrangements induced by a given
change in policy, but also their effect in the cognitive skills of children. For instance, a
more stringent regulation may result in higher skills if a family substitutes from paid to
maternal care, and maternal care is of higher quality, but in a decrease in skills if the
opposite is true. This is particularly important because the quality of informal options
has been shown to be very heterogeneous and correlated with economic resources in
the United States (Flood et al. (2021)), and it has been hypothesized to be a necessary
feature to reconcile the at first seemingly contradictory evidence on the expansion of
public childcare programs (Fort et al. (2020),Kottelenberg and Lehrer (2017)).

In the model’s partial equilibrium (holding wages of teachers and childcare workers
constant), more stringent regulations distort the cost-minimization problem of lower
quality childcare providers, which translates into the equilibrium price-quality schedule
shifting upwards. Moreover, the distortion is higher for lower qualities, which translates
into the equilibrium price-quality schedule becoming flatter. Higher costs may prompt
families to reduce paid childcare hours, substituting them with parental or relative
care. The quality of these non-paid arrangements influences the resulting impact on
children’s skills. Conversely, a flatter price-quality schedule may lead to higher-quality
paid childcare, benefiting children’s skills. These changes in demand for quality and
quantity of childcare translate in changes in labor demand for teachers and childcare
workers. This in turn changes wages, which can amplify or attenuate the partial
equilibrium effects described before.

Even though the model has clear predictions for the partial equilibrium effects on
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the price-quality schedule for childcare, the effects of regulations on families” choices
and children’s skills is a quantitative question, and it requires data to discipline the
model’s parameters. I show that the model presented in this paper is identified, with
the identification proof translating naturally into a multi-step estimation procedure.
Combining comprehensive individual-level data on children and their families with
state-level data on regulations and labor market outcomes of childcare teachers, 1
estimate the model parameters. Using the estimated model, I simulate the effects
of changing the stringency of mandatory minimum staff-to-child ratios from the set
of most lenient regulations observed in my sample of states to the set of the most
stringent regulations 2, on the wages of lead teachers and childcare workers and the
distribution of cognitive skills of children. I find that going from the most lenient
to the most stringent set of regulations increases the wages of lead teachers by up
to 2.75% and childcare workers by up to 4.33%. These increases in wages, together
with the fact that the regulation directly distorts the cost of providers for given wages
makes childcare more expensive for each level of quality. Despite that, this policy
increases most percentiles of the skill distribution for both children born to two-parent
households and one-parent households, or in other words, the quantile treatment
effects (QTE) of more strigent regulations are positive for most percentiles, for both
children born to two-parent and one-parent households. This provides support for
the existence of these policies if parents underinvest in their children compared to the
social optimum, regardless of whether the socially optimal skill distribution features
higher skills at the bottom (for example, if the relevant externality is crime (Cunha et al.
2010; Heckman et al. 2017), in the middle, or at the top (for example, if the relevant
externality is innovation, Bell et al. 2019). 3. The magnitude of this increase in skills for
each percentile is much larger for children born to one-parent households. This happens
because single mothers have lower wages and asset levels, so when regulations are
lenient they buy lower-quality childcare. When regulations become more stringent,
the price quality schedule both increases and flattens more for lower qualities, which
means that both the incentives to exit the childcare market, and to increase qualities
conditional on staying, are higher for these levels of quality. However, the incentive
to exit the childcare market is counteracted by their higher need for formal childcare,
since they have less care provided by relatives available, and their lower wages, lower
assets, and absence of spousal income means limits their ability to substitute paid care
for maternal care.

The overall effects on the distribution of skills conceal significant heterogeneity. Even
though the distribution associated to more stringent regulations is almost uniformly
better than the one associated to lower regulations, this near uniform improvement

2In my model, a regulation is a vector of 6 numbers

30ther reasons for underinvestment are incomplete contracts (parents cannot write investment
contracts with their children), or borrowing constraints. The latter is the only source of inefficiency that
does not involve the problem of the child when she becomes an adult, and hence is modeled explicitly in
this paper. Because the other sources of inefficiency are not explicitly modeled, the model in this paper
may be viewed as offering a positive theory of the distribution of children’s skills at kindergarten entry,
rather than a normative one.



is achieved by re-allocating children across quantiles of the skill distribution (that is,
the change in skills associated to a change in regulations is not rank-preserving). For
instance, the 10% of children born to single mothers who gain the most from more
stringent regulations increase their skills by 41 % of a standard deviation, whereas the
bottom 10% of children born to single mothers who lose the most decrease their skills
by 5% of a standard deviation. The children who gain and lose the most are different on
some key characteristics. The children who gain the most are born to poor families with
little access to care provided by relatives. These families buy low-quality paid childcare
when regulations are lenient. When regulations are stringent, the qualities that they
use to buy are now disproportionally more expensive, and their ability to substitute to
informal options is limited. As a consequence, they remain buying paid childcare, only
that now they buy it of higher quality. On the other hand, the children who lose the
most are born to families with a lot of low-quality care provided by relatives available.
When regulations are lenient, these families buy paid childcare, because the alternatives
are poor, and paid options are cheap. When regulations become more stringent, paid
childcare becomes more expensive and these families use more informal childcare
arrangements, trading off in this way child development for consumption.

This paper makes at least two contributions. First, this paper constitutes the first
study of the effects of childcare market regulations on the skills of children, both on
aggregate and across family types. Of course, childcare market regulations are not
the only context in which accounting for equilibrium effects on teachers” wages and
accounting for rich household heterogeneity is likely to be key to understand the effects
on the skills of children. In principle, that is true of any policy that affects demand
for teachers and childcare workers or that induces reallocation of time across different
childcare arrangements. For instance, childcare subsidies and the expansion of public
early childhood programs are widely studied examples of such contexts. In that sense,
and additional contribution of this paper is to provide a quantitative equilibrium model
of the US childcare market that allows for rich family heterogeneity and the equilibrium
adjustment of the prices of labor inputs used in childcare production.

2 Related Literature

This paper relates to three strands of literature.

First, many papers study the effects of different policies from the one that I study
on children’s skill development. Examples of such policies are transfer programs, such
as the EITC, parent interventions, and the introduction, expansion or universalization
of early childhood education programs .*

Second, this paper relates the most to a growing literature that uses equilibrium
models of the childcare market for policy analysis. This paper contributes to this

4For transfer programs see Bernal and Keane (2010, 2011); Mullins (2022), for parent interventions
see Sylvia et al. (2021); Gertler et al. (2021); Gomez et al. (2022), and for the introduction, expansion, or
universalization of early childhood programs see Heckman et al. (2017); Daruich (2018); Chaparro et al.
(2020); Cascio (2023).



literature by integrating a model of the childcare sector in which the price of center and
home-based providers depends on the labor market of teachers and regulations, with
a household decision model in which children’s skills depend on how heterogeneous
tamilies decide to allocate their children’s care to childcare arrangements of different
qualities. In this literature, Moschini (2023) analyzes the impact of childcare subsidies
on children’s skills in an OLG model with endogenous family formation. In her
model, families buy a childcare good of homogeneous quality and the childcare price
is a constant fraction of wages. Berlinski et al. (2023) look at the impact of various
policies on the skills of children in a model in which there is imperfect competition
in the childcare market. In their model, the cost of providing a given level of quality
for a given provider is exogenous and does not depend on the price of inputs of
childcare production. Borowsky et al. (2022) analyze the counterfactual effects of an
important childcare market proposal by developing a model that accounts for the cost
of childcare through the teacher labor market, acknowledging that increased demand
for childcare can elevate costs by raising teacher wages. Relative to their paper, I include
skill accumulation. Moreover, relative to both Berlinski et al. (2023) and Borowsky
et al. (2022) I add heterogeneity to the quality of relative and parental care, asset
accumulation, and I model explicitly how mandatory minimum staff-to-child ratios
distort the problem of paid childcare providers®. More generally, this paper builds the
tirst model in this literature that yields predictions on the distribution of children’s
skills in the presence of endogenous childcare prices and wages of teachers.

Finally, this paper also relates to the empirical literature on the effects of childcare
market regulations. Papers in this literature use a reduced-form approach to identify
the effects of childcare regulations on the provision of quantity and quality of childcare
provided®. To my knowledge, this paper is the first to examine the effect of childcare
regulations on children’s skills and to estimate a structural model of these regulations.

3 Model

3.1 Families

Families are unitary households, and of two types, single-mother (SM) and two-parent
(TP) households. Families are modeled for 3 periods, that is, when the child is 9 months,
2 years, and 4 years old. I model those periods in order to match the data from ECLS-B
(more on that dataset later).

3.1.1 Choices

In each period, Two-Parent families choose how much to consume ¢, and how much
to save in a one-period risk-free asset a.

5Another paper that deserves mention is Bodéré (2023), who models dynamic imperfect competition
in a local childcare market but does not look at skills of children.

6See Chipty (1995); Chipty and Witte (1997); Blau (2003); Currie and Hotz (2004); Blau (2007); Hotz
and Xiao (2011); Ali et al. (2024)



Two-parent families also make decisions about how parents spend their time: How
much leisure the mother (m) and the father (f) enjoy (L™, 1f), how much time each of
them spends with their child (t*,tf), how much each of them work (n[*,nf)

Importantly, Two-Parent families make decisions about non-parental childcare
arrangements of their child: How much time the child spends with relatives (tj),
whether to use Center-Based paid care (D; = CB), Home-Based care (D; = HB), or
no paid care at all (Dy = N), how much time the child spends in paid care 1}, and
the quality of this paid care q}. Single mothers are similar but they can only choose
father-specific variables (the ones with a superscript f) to be 0.

3.1.2 Preferences

Single-mother households at t = 1,2,3 derive utility from consumption (c), leisure of
the mother ("), time of the mother with her child (t}"), and child’s skills according to:

logci + 6" log 1" + 87 log Ti"* + 8¢+ log 6; .

Two-parent households at t = 1,2,3 derive utility from consumption (cy)’, leisure of
the mother (L), leisure of the father (1f), time of the mother with her child ("), time of
the father with the child ('c{), and skills of the child 6; according to:

logce + 8" log L™ + 8 log 1{ + 8™ log T{* + 8- log T} + 8¢ 1 10g 0: ,

with 8¢ 1 = 0. Note that 8¢ 1 = 0 is a normalization, because in this model 6, is given and
I have no data on pre-natal investment behavior that could be informative about g 1.
The continuation utility at period 4 is given by:

dalogas +dglogh, .

Note that I impose common parameters to be the same across family types. In other
words, [ am imposing that 8™, 8™,{8g (1 1}_;,04 to take the same numerical value for
Two-Parent families and single-mother households.

3.1.3 Fixed cost of choosing paid care

Families are ex-post heterogeneous in their fixed costs of choosing Home-Based and
Center-Based care (0f?,0!!8). These costs capture that some families may dislike cen-
ter or home-based care for idyosincratic reasons, like a distaste for those types of
arrangements or the cost of driving to them. The cost oP is exponentially distributed,
independent of oP’ for all t,t, and independent of its own leads and lags.

These exponential utility costs play many roles. First, they help to match the choice
probabilities of not using paid care, using center-based care, and home-based care at
each age. Second, they imply that some families at a given age do not find optimal using
paid care, which helps with the identification of the distribution of the relative care
endowment (see Appendix G). Third, since they are a fixed cost, they help rationalize
why most families that use paid care do not use it for just a few hours per week.

7T am not dividing ¢ by an equivalence scale. This does not affect results, because family size is
exogenous and the equivalence scale shows up as an additive constant in utility.
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3.1.4 Time use constraints

As total time use for each family member cannot exceed total available time, the time
use constraint for parent j is:

Utd4+nl =T, (TC;)

for j = m,f, where 1 is time spent working on the labor market for parent j.
This time use constraint means that parents have to split their time between working,
spending time with their child, and leisure. The time-use constraint for the mother

(m) holds for both two-parent (TP) and single-mother (SM) households. Moreover, the
child has to be supervised at every point in time:

M4+ =T, (5C)

where 1] and 1} denote relative and paid care respectively. For single parent-
households T{ is 0, so their supervision constraint is:

"+t T =T.

3.1.5 Supply of relative care

Relative care is free but limited to T', that is:
Tel0T]. (RCC)

=T . .1
where T is heterogeneous across families.

3.1.6 Production of cognitive skills

The production function for skills follows closely Chaparro et al. (2020) and McMurry
(2021) . Child skills are produced according to:

m
log 041 = logAt +ve,tl0g 61 +ym,tTé log q™+

vi, t— logq +Vp, t— log qf +Vri= log qr +Mes1, (PF Skills)

with 11 iid accross periods and where q™, qf, qf, qf denote the qualities of maternal,
paternal, relative, and paid care. This production function captures that skill gains from
reallocating between childcare arrangements depend on the relative qualities of those
childcare arrangements. It also does not impose that time spent in each type of care is
positive for every family, which is at odds with the data, unlike other specifications in
the literature (Caucutt et al. (2020)).

I assume that the qualities of maternal and paternal care are exogenous and time-
invariant. The quality of relative care is exogenous and time-varying, and its family-
specific time-path it’s known to each family. This assumption captures that the compar-
ative advantage or disadvantage of relatives at producing cognitive skills with respect
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to parents can depend on the age of the child. Importantly, this comparative advantage
or disadvantage with respect to parents is identified (see Appendix 1.5)8. Finally, quality
of center-based care can be purchased on the market at the competitive price schedule
PP(q), where D is CB or HB depending on whether the household is buying from a
center-based or home-based provider.

For Single-Mother households tf = 0, so skill production reduces to:

" TP T
log 011 =10g At + Vo, 1080t +vmt=1084™ +Vp =108 ¢" +yre=log gi + e -

Again, the parameters that are shared by skill production in Two-Parent and single-
parent households are required to take the same numerical value.
3.1.7 Budget constraint

Assets tomorrow plus expenditures in consumption and paid care cannot exceed total
household income:

ct+1{Dy = HBIPHE (qP) P +1{D; = CBIPLB (qP)P +apy = winl+w™M+a (1+47) . (BC)

where D is a categorical variable that takes values H, C,N corresponding to Home-Based
Care (HB) , Center-Based Care (CB) and No Professional Care (N). For single-parent
households, the same budget constraint applies with nf = 0. Note that the time invariant
nature of wages is less restrictive than it may seem, since the time horizon of the model
is b years.

3.1.8 Borrowing constraint
I assume that assets have to exceed a, which is a parameter:
(OF | > a. (AC)

That is, there are borrowing constraints, which are important because they could be a
source of underinvestment in children, specially in lower income families.

3.2 Summing-up family heterogeneity

At t =1, families within each location are ex-ante heterogeneous in their initial level
of assets aj, the initial cognitive skills of their child 6;, the wages of the mother and
the father w™, wf, quantity of relative care they can use T', and the quality of maternal,

8Note that what it is assumed to change with time is the relative advantage of relative care at
producing skills with respect to parents, given that the absolute location of parental care is not identified.
This assumption does not imply that parenting skills do not change on average as the child ages, it only
allows for the quality of relative and parental care to change at different rates.In fact, the assumption in
this paper is slightly more general, because the relative advantage of relatives versus parents is allowed
to change across families according to observables.
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paternal and relative care qf,q™,{q}}_,’. For each t, families are ex-post heterogeneous
in their fixed-costs of using each type of care (o?,o}'B).
It will be useful later to separate the ex-ante heterogeneity of households into

time-invariant heterogeneity (H) and assets ay, that is:

H= (Wmawf) qm’ qfa{q{}%:1 )TT) :

3.3 Recursive formulation

Let the vector of continuous choices at age t be given by Y, that is:

— m  fymf .m f 1 _Pp P
Yi = (ce, i, W L T Ty T Ty Gt ) -

The Two-Parent Family problem is summarized by the functional equation:
VIP(ay,H, 0,058, 0lB) = max logcy + 6" log ™ + 8 log 1{ + 8™ log T{™ + 5L log T} + 8¢ + 10g O
Yi,D¢&{CB,HB,N}
—ofP1{Dy = CB}— o'®1{Dy = HB}+ BEV]F (a1, H, 001,07, o'F)
s.t BC, TC; j =m,f,SC, PF Skills , AC , fort =1,2

For t = 3 we have a similar functional equation with
]EVIP (ag,H,04) =84 log asg + 69,411:_‘:3 IOg 0, .

The problem of Single-Mother Households is similar and therefore omitted here.

In Appendix B I prove that the value functions are log-additive in skills, which
simplifies further the recursive formulation. This result also implies that policy func-
tions do not depend on child’s skills, which simplifies the computational solution of
the individual problem. Moreover, in order to find the probability distribution of opti-
mal household choices, it is enough to calculate the choice probabilities over discrete
choices IP}T(D = D|at,H) for FT = TP,SM and D; = N,CB,HB and the choice-specific

policy functions g""P(ai,H) for

weQ={c,a n™n\ "1 ™ 1 1" P qP}.

That is, instead of working with V[ (a, H,0,0 8, 0}!B) and the corresponding policy
functions, we can work with choice probabilities P (D =Dl|a, H), choice-specific value
functions V{ P (ay,H), and their corresponding policy functions (see Online Appendix).

3.4 Formal childcare providers

Formal childcare providers can be of two types: Center-Based providers (CB) or Home-
Based providers (HB). Home-Based care providers include childcare providers operat-
ing at their own home, but also nannies operating at the child’s home!’. The market

Quality of care by relatives is time invariant in the sense that its path is determined and know to
families at child’s birth
10A nanny taking care of only one child is a home-based care provider with a staff-to-child ratio of 1.
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for formal childcare has free entry and is perfectly competitive. More precisely, upon
entering the market, a childcare provider of type j offering quality q to children of age
t can sell each hour of childcare at the competitively determined price PP (q), where
D = CB, HB. Formal childcare providers produce quality of childcare per hour q combin-
ing efficiency units of the lead teacher per number of children in the classroom during
that hour % and the number of caregivers in the classroom per number of children

during that hour £ according to!!:

A\ o AN\ 1—
A . E E,t C E,t
q=F(EC k) =Al (E) (E) :

Note that I am allowing the parameters of the production function to change with
the age of the children and type of provider.

This technology captures that the quality of formal childcare is produced by com-
bining the effectiveness of the lead teacher (who plans curriculum, communicates with
parents, designs play areas and reacts to specific needs of children) with the number
of caregivers, which includes the lead teacher herself, but also other adults in the
classroom like assistant teachers and childcare workers.

Childcare providers hire efficiency units of the lead teacher E and caregiving time
C!2 in a competitve labor market, with factor prices denoted by wt and w® respec-
tively. When making these staffing decisions, childcare providers need to comply with
mandatory-minimum ratio imposed by the state at age t, denoted by R,

3.4.1 Price of paid care

Given the production function for quality of paid care, we can solve in closed form
for the equilibrium price-quality schedule for each type of paid care and for each age,
given factor prices and regulations:

Lemma 1 (Pricing schedule of paid care). Given factor prices w&,wC, if a positive amount

of childcare hours are offered in equilibrium in the market for childcare of type j and quality q at
age t, the price of childcare has to be given by:

_ Py if 4> g,
Pla)=< 1 5— | .
t B]cqo‘]E,t —|-|<)t 1fq < q;‘)t

where

j . (xj
. Cy T—og ¢ 1 j E\ %Et
— o w ) — 0, W 1
T—ogew o, W Al
)

1T choose to focus only on labor inputs because labor accounts for 70 % of operating costs in childcare
centers (Helburn and Howes (1996),Brown (2018))

12] used E and C to denote total efficiency units of the lead teacher and caregiving hours respectively,
and their "hat" version to denote quantities hired to produce one hour of care.
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1 j
“E Lt — j Ot
: 1 ) ] O‘%Et . (X] WC ’
Pl=wt(—) "Bt [ =] ™",k =w"R,, q = AR, Bt
R, Al 1—ol W

Proof. Comes directly out of the zero profit condition for firms and the form of the costs
functions (See Lemma 3 in the Appendix A). Full proof in Appendix A. O

From the previous expression for the equilibrium price schedule we can see that
two things happen upon an increase in the stringency of staff-to-child ratios in partial
equilibrium (with factor prices constant). First, an increase in the mandatory minimum
staff-to-child ratio increases the price level for qualities for which the minimum staff-to-
child ratio is binding (due to an increase in }). Second, higher minimum staff-to-child
ratios distort lower qualities more than higher qualities, which implies that the price
schedule flattens below q*, that is, in the region in which the staff-to-child ratio binds.
This can be seen by looking at P and seeing that it is a decreasing function of R. An
increase in the price level is likely to push some families out of the market, but the
flattening of the price schedule is likely to induce families that buy qualities for which
the staff-to-child ratio is binding to increase their demand for quality (because the
savings from buying lower quality are now lower). Figure 1 plots the price schedule,
for a particular age and a particular type of care, before and after an increase in the
staff-to-child ratio Ry, but keeping factor prices wt,w® constant.

Equilibrium Price Schedules

Benchmark
— —— SR ratio increases, wages constant

Price
\
\
\
\
\
A}

0.0 0.1 0.2 0.3 0.4
Quality

Figure 1: Price schedule for two different regulations and constant factor prices.

While the effect of changing the staff-to-child ratio on the price schedule of quality
given factor prices is known (and is given by Lemma 1 and Figure 1), the effect on
the demand for lead-teacher efficiency units and total caregiver hours is ambiguous 3.
Figure 2 plots the pricing schedule after the regulation change in two scenarios: One
scenario in which as a consequence of the regulation change factor prices increase, and

130n one hand, the fact that the price schedule shifts upward is likely to reduce demand for hours of
care, either through the intensive margin (families reducing their hours), the extensive margin (families
exiting the childcare market altogether) or a combination of both. On the other hand, the fact that the
price schedule flattens for lower qualities may induce an increase in the demand for lead teacher talent.
Furthermore, if families buying qualities for which the regulation is binding keep their demand for
quality and quantity constant, this results in an increase in the demand for total caregiving time C (since
the stricter ratio must be met), and a decrease in the demand for lead teacher talent E (since quality is
kept constant).
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another one in which factor prices decrease. Figure 2 suggests that the redistributive

Equilibrium Price Schedules Equilibrium Price Schedules

Benchmark - Benchmark
— —— SR ratio increases, wages constant - — —— SR ratio increases, wages constant

[ | —-—-- SR ratio increases, wages increase > - —:—-- SR ratio increases, wages decrease
-
-
-

Price
LY
\
A
4 \
N\
N
Price
\
\
\
\
\Y
\
Ay

0.0 0.1 0.2 0.3 0.4 0.0 0.1 02 0.3 0.4
Quality Quality

Figure 2: Price schedule for a benchmark level of the mandatory minimum staff-to-child ratio for a
benchmark level of regulation and wages (solid line), more stringent regulation but wages as in the
benchmark (dashed) and more stringent regulation and different wages (dash-dotted line). The left panel
shows a scenario in which the change on the regulation leads to an increase in wages and the right panel
shows a situation in which the change on regulation leads to a decrease in wages.

effects on the price of childcare associated to changes in the minimum staff-to child ratio
could be very different depending on the associated change in factor prices. Keeping
factor prices constant, families that buy lower qualities (who are likely poorer) pay a
higher price, whereas families that buy high enough qualities (who are likely richer)
are not affected. However, if factor prices increase as a consequence of the regulation
change, every family pays a higher price for childcare. On the other hand, if factor
prices go down as a consequence of the regulation change, higher qualities are cheaper
than in the benchmark, which can benefit higher socioeconomic status families.

3.5 Labor supply of teachers and childcare workers

In order to predict how much wages of teachers will change after a change in regulatios,
we need to model the labor supply of teachers. The labor supply of lead teachers
and childcare workers in this model is very stylized and follows a constant elasticity
specification:

LT=CT(wthnr,

CCW = CCW(wEWnecew |

where LT and CCW are the number of lead teachers and childcare workers, w'T and

wCW are their average wages, and 11 and nccw are their labor supplies. In order to
map this labor supplies of lead teachers and childcare workers to factor supplies of
efficiency units E and number caregivers C, I make the following assumptions:

First, I assume that for each hour a lead teacher works, she is paid for one hour of
caregiving and her efficiency units E. Hence, the hourly wage of a lead teacher with
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efficiency units E is given by:
WHT(E) = wEE +wC,

whereas childcare workers are only compensated for the caregiving time that they offer,
so their wages w" are given by the price of hour our of caregiver time:

Second, I assume that the number of hours that lead teachers and childcare workers
work is fixed and given by Hi 1 and Hccyw respectively, so changes in hours of caregiving
and efficiency units are only given by changes on the extensive margin. Third, I assume
that teachers do not know their efficiency units before they join the teaching profession,
and I normalize the average efficiency units to 1. Under this assumption, an increase
in the wages of lead teachers does not induce positive or negative selection into the
teaching profession, so a change in the total number of efficiency units supplied is
simply the change in the supply of workers becoming lead teachers, times the hours
that lead teachers work (which is fixed by assumption), times the average efficiency
units of lead teachers (which is fixed and normalized to 1). Hence, the supply of paid
childcare production factors is:

ES(WEwE) = Hir LT (wE +wE)ner (Supply of E)

CS (WE,WC) :ﬁ]_Tﬁl(WE +WC)nLT —f—ﬁccwCCWl(WC)nCCW , (Su ly of C)
PPy

Note that the supply of efficiency units depends also on the price of an hour of caregiv-
ing because part of the remuneration of lead teacher corresponds to caregiving. At the
same time, the supply of caregiving hours also depends on the price of efficiency units
because lead teachers provide caregiving apart from their efficiency units.

3.6 Equilibrium

The solution concept of this model is competitive equilibrium. In a competitive equilib-
rium in this economy, center-based and home-based childcare providers enter freely
and maximize profits given factor prices (lead-teacher premium and wages of childcare
workers), the price-quality schedule, and regulations. Given price-quality schedules,
tamilies decide optimally childcare arrangements, asset accumulation, consumption,
and labor supply decisions. The childcare decisions of families include from which type
of childcare provider to buy, if any, and how much quality and quantity to buy from that
type of childcare provider. These demands need to be satisfied by childcare providers
in equilibrium (market clearing). Finally, the demand for lead teachers’ efficiency units
and caregiver-hours by childcare providers equates the supply for those factors at the
equilibrium wages. A formal equilibrium definition is provided in Appendix C.
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4 Data

The main source of data used in this paper is the Early Childhood Longitudinal Study;,
Birth Cohort (ECLS-B). The ECLS-B is a nationally representative survey of children
born in the United States in 2001, and contains information on approximately 10700
children. ECLS-B contains detailed information on the childcare arrangements and
the skills of the children sampled, and socioeconomic information of the families that
those children are born into. However, ECLS-B only contains limited information
on families” assets, so I impute net-worth by using additional information from the
Survey of Consumer Finances (SCF) (See Appendix E). Finally, to estimate the model I
combine these individual-level data aggregate state-level data on mandatory minimum
staff-to-child ratios and wages and labor supply of teachers and childcare workers.

I discuss in more detail now different groups of variables used in the estimation of
the model.

4.1 Measures of cognitive skills

ECLS-B contains developmentally-appropriate measures of cognitive development at
each wave. To measure cognitive development, I use the Motor and Mental Scores at 9
months and 2 years old, and the Mathematics and Reading scores at 4 and 5 years old.

4.2 Measures of parental quality

ECLS-B contains rich information on parental behavior and attitudes. I use this in-
formation to measure parental quality. To have comparable measures of quality for
mothers and fathers, I construct one of the measures of maternal and paternal quality
from survey questions that were asked to both parents, such as whether the parent
plays with the child using toys to build things or takes the child for a walk or to play
outside. For the second measure of parental quality, I use responses to survey questions
about parenting for the father (such as whether the father reads books to the child, or
tell stories, or thinks fatherhood is rewarding). For the second measure of maternal
quality I also use similar survey questions, but I combine them with the the Two-Bag
Task Score, which is a direct assesment of the quality of the interaction between a parent
and their child . See Appendix 1.3.1 for details on parental care measurement.

4.3 Non-Parental care

For non-parental childcare arrangements, ECLS-B records the number of caregivers, the
number of children being cared for together with the focal child, and the price parents
pay for that source of childcare.

For the primary non-parental childcare arrangement, which is the non-parental
childcare arrangement the child spends the most time with, ECLS-B contains additional

I4ECLS-B only measured and recorded Two-Bag Task scores for one of the parents, which was the
mother in the overwhelming majority of cases
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information. Importantly, it contains the Arnett Caregiver Interaction Scale, (Arnett
score from now on), a widely used measure of caregiver behavior (Arnett (1989)) ,
which is the measure of paid and relative care used in this paper!'®. The Arnett score
measures the quality of the interactions of a caregiver with the children she is caring
for. Moreover, if the primary non-parental childcare arrangement is a paid provider,
we also observe the wage of the primary care provider (e.g, the lead teacher in the case
of center-based care), which is used to construct the efficiency units of the lead teacher.

4.4 Socioeconomic and demographic variables

ECLS-B contains rich information on economic and demographic variables of children
in the sample. In particular, we can observe earnings and hours worked, which allows
us to construct wages (for parents who never work in my sample I impute wages, see
Appendix D) for details), and some information on assets, such as house value or broad
questions about portfolio composition (I impute net-worth using information common
to SCF and ECLS-B. See Appendix E). ECLS-B also contains geographic information
(importantly for the analysis here, the state where the family lives), and education of
the parents and grandparents.

4.5 Staff-to-child ratios

I use data on mandatory minimum staff-to-child ratios for center-based providers for
the years 2002 and 2005, and for home-based care providers for years 2001 and 2007.
The data for the years 2001 and 2002 comes from the Wheelock College in Boston, and
the data for 2005 and 2007 comes from the Childcare Licensing Study.

In the data, regulations are more complex than in the model. For instance, while
the model periods correspond to the ages of the child 9 months to 2 years old, 2 years
old to 4 years old, and 4 years old to 5 years old, mandatory minimum staff-to-child
ratios can change within those periods. For example, in 2005 in Alabama, the ratio for
centers changes from 4 children per adult before 18 months, to 6 children per adult at
18 months. To deal with this issue, the mandatory minimum staff-to-child ratios that I
input in the model is the one that applies at the midpoint of the model period for any
given state. As an example, the regulation that I use in the model for period 1, which
starts when the child is 9 months and ends when she is 2 years old, is the mandatory
minimum ratio at 18 months.

Moreover, in the case of Home-Based providers, the minimum required number
of adults in the room depends on the age distribution of children (home-based care
providers can mix children of different ages in the same room), and on the number
of children who are being cared for. Fortunately, the assumptions of the model natu-
rally resolve the ambiguity of what mandatory-minimum ratio to use for home-based

15Because the Arnett score of care provided by relatives is not measured when the main non-parental
caregiver is not a relative, I assume that relative care quality is a deterministic function of observables (in
particular, the education of the maternal grandparents), and I estimate this relationship from cases in
which the Arnett score is observed for relatives. See Appendix L.2.
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providers. First, note that the model assumes that home-based care providers cannot
mix children of different ages in the same room. Second, if home-based care providers
of different sizes are subject to different mandatory-minimum ratios, only the size
subject to the most lenient ratio survives in equilibrium, given constant returns to
scale and perfect competition. Hence, I construct age-specific staff-to-child ratios for
home-based care providers at age t in state | by reading the regulation of state | and
finding out what would be the ratio that applies if a home-based care providers in state
1 were to only provide care to age t (as the model assumes) and choose the number of
children she provides to minimize the mandatory staff-to-child ratio she is subject to.
More details on this in Appendix F.

4.6 Other data

I take wages of lead teachers (Occupational code 25-2011) and childcare workers (Occu-
pational Code 39-9011) for the years 2001-2006 from the BLS Occupational Employment
and Wage Statistics!. In order to account for state-level differences in prices, I con-
struct a state-level Price Index for each state in the years 2001-2008 by taking the the
State-Level Regional Price Parities of the BEA, and assuming that inflation was the
same in each state in the period 2001-2008 and equal to the US overall inflation, which I
take from FRED. I also use state-level fertility data, which I use as an instrument in the
estimation of the labor supply elasticity of lead teachers and childcare workers. I get
the data on Fertility for each state in the US for the years 1999-2003 from the CDC 7

4.7 Sample Selection

I keep all the children in ECLS-B in my sample, except for the ones who are part of a
multiple birth (twins, triplets, etc), and the ones whose parental respondent in ECLS-B
is not the biological mother.

5 Model Identification

The model is point identified. Here I present here a heuristic identification discussion
for some model primitives, but the interested reader can refer to the Appendix for more
details and formal identification proofs.

5.1 Measurement parameters for parental and non-parental quality

Parental and maternal care quality are latent in nature, and so they are not readily
available from ECLS-B data. Because of that, the mapping between latent qualities and
data objects needs to be identified. I assume that the relationship between latent care

l6Gee https://www.bls.gov/oes/tables.htm
https://www.cdc.gov/nchs/data/statab/natfinal2003.annvoll_08.pdf
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quality j (where j refers to maternal, paternal, relative or paid care) and its s-th noisy
measure is given by a linear measurement system!8:

E.EEJ’S =W+ odslogq + ¢, forj=m,f,r,pands=1,...,Ng,

where ¢)* are independent of log q° for o = m,f, e/ for s # s’ and &'P for j #j all p
(that is, measurement errors are independent of all latent qualities and all the other
measurement errors). Parametric identification of the measurement system for parental
care qualities follows standard identification arguments (Cunha et al. (2010)) given
the presence of two measures per factor and one instrument (in this case, I use as
instrument the measure of care provided by relatives). The identification of the mea-
surement system for care provided by relatives is a bit less standard. First, using the
constant returns to scale assumption for the production of quality in paid care, the
loading parameter is identified from the covariation between the noisy measure for care
provided by non-parental providers (the Arnett score) and the inputs in production of
paid care quality (efficiency units of the lead teacher per child, and number of adults
per child). Moreover, the location parameter in the measurement system for the Arnett
score is identified from the average skill gain of reallocating an hour of care from the
average relative to the average mother. This average skill gain can be obtained as a
parameter in the reduced-form equation that arises from combining the restrictions
imposed jointly by the measurement systems and the technology of skill formation, in
the spirit of Agostinelli and Wiswall (2016b) and Freyberger (2021).

5.2 Production Function of skills

The identification argument is similar to Agostinelli and Wiswall (2016a) and Agostinelli
et al. (2025), except for the fact that the intercept in the measurement system for the
Arnett score is identified jointly with technology parameters (as explained above). Let
Artnett, be the value of the Arnett score of type of care j = p,r at time t. predicted
by observables. Because true quality is assumed to be a deterministic function of
observables (family characteristics in the case of relative care, production inputs in the
case of paid care) log q} can be written as:

log q1 t (ATTlettlt ut)/ ATnett

Substituting the relationship between Arnett and true quality into the production
function for child skills we get:

Yp,t P
log 01 =log At +ve,110g 0t +vm, t = log q + Yf tT 108 q + Afnett ?Arnettt +
p
Yrt r Yp,t Arnett Yr,t T Arnett
Amett T A Amett -|— {\rnett T Mg -

18Despite the fact that investment is itself a combination of latent qualities, dedicated measures for
the quality of each childcare arrangement are available. For identification results on linear factor models
where measures load on multiple latent factors see Williams (2020)
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Note that ;1 does not affect childcare decisions independently of timing assumptions
about when 1. is realized, because of the log-additivity of skills in the value function.
Hence the only unobservables causing an endogeneity problem when estimating the
previous equation are the measurement errors in maternal and paternal quality. This
source of endogeneity can be tackled by using repeated measures of maternal and pater-
nal care (hence the need for constructing at least two such measures), so identification
is restored. Hence, since of'™¢!t is identified, the production function of skills and the

additive shifter of the Arnett score measurement system are identified .

5.3 Initial Distribution of household characteristics and assets

Let
Hi = (Wm»wf> q™, qfv{q{,t}%ﬂ >TD

be the vector of characteriatics of household i, and let Gg, ; 1,0, , (ai1,Hi,0i0) denote
the distribution of households over initial levels of wealth, time-invariant family char-
acteristics, and initial skills. This distribution is identified.

First, parental wages are observed for parents that work at least in one of the sample
periods, and imputed for the rest. Hence, they can be treated as observable. Second,
the quality of care provided by relatives is also modeled as a deterministic function
of observables, and this relationship is identified from the covariation between the
Arnett score with said observables. In terms of the variables measured with error,
assets are imputed from the SCF 2001, so the distribution of the measurement error
is identified from the SCF, which is enough to recover the joint distribution of assets
with any observable variable assuming that the measurement error is independent of
those observable variables. The distribution of parental care quality and initial skills
is identified non-parametrically given enough measures and the identification of the
measurement parameters (Cunha et al. (2010)). Finally, the endowment of relative care
is assumed to be a deterministic function of family characteristics, that is:

T=T(2Z"M<T,
where Z"" is a vector of discrete-valued family covariates. Under full support assump-
tions on the quality of parental care and the utility costs of using paid care, the function
T'(Z"") is non-parametrically identified. Intuitively, if parents care about their children,
for every possible value of Z'™ we can always find families that draw utility costs of
using paid care high enough and with bad enough parents such that they want to
exhaust relative care. Hence T' (Z"") is identified from the maximum amount of relative
care used by families with covariates Z'". Appendix G provides a formal proof of this
result, details on the estimation, and estimation results.

Given the previous discussion, we can identify the distribution of the noisy measures
skills, parental quality and assets, conditional on quality and quantity of relative care

1At t =1 we do not observe Arnett scores. Because of this, we need to assume that at t = 1 relative
care quality is a deterministic function of relative care quality at t = 2, and the identification argument
needs to be extended slightly. See Appendix for a rigourous treatment of this issue.
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and wages. Given the additivity of measurement error and the fact that the distribution
of the measurement errors are known (from the previous arguments), a standard
deconvolution arguments identifies the conditional distribution of skills, parental
quality, and assets conditional on the variables that are or can be treated as observable,
that is, quantity and quality of relative care and wages.

5.4 Preference Parameters

Preference parameters governing the marginal utility of leisure, time with the child,
cognitive skills of the child, and the continuation utility of assets and child’s skills
(81, 81,8, 8%, {80 t)1_,,84) are identified from family choices. In particular, the FOC of
the household problem can be used to invert in closed form for this parameter given
observed choices, measures of parental and relative care quality, and wages.

The parameters governing the distribution of utility costs of using paid care are
identified from the choice probabilities for each type of paid care, given knowledge of
preference parameters, the distribution of family states, and price-quality schedules.
Intuitively, the distribution of utility costs is monotonic (in a first order stochastic
dominance sense) in the exponential parameter AP, so higher levels of AP are associated
with lower costs and higher choice probabilities for D = CB,HB. Formal identification
proofs are available in the Online Appendix for both groups of preference parameters.

5.5 Technology of quality production of paid care providers

For childcare providers for which the staff-to-child ratio is not binding, g can be
identified from the share of income used to remunerate the efficiency units of the lead
teacher in the classroom, that is:

WEEi,t
w¢ Ci,t + WEEi)t ’

XE,t
The factor prices wt,w® are available from state-level data, Ci is the number of care-
givers in the classroom of the child i at age t and E;; can be constructed from the wage
of the lead teacher. Because identifying o ; requires knowing for which providers the
mandatory minimum staff-to-child ratio doesn’t bind, and because of the complexity of
the regulations for home-based care providers, I use only center-based care providers
to estimate o ;. Moreover, at t = 1 information of the wage of the lead teacher is not
available, so I extrapolate g ; from o ; and o 3.

The TFP of childcare providers can be identified from two sources. The first one
is by linearly projecting the Arnett score for centers on inputs. The intercept of this
projection combines the efficiency of quality production (log-TFP) the intercept of
the measurement system of the Arnett score p{'™¢%t, which is identified. Prices also
contain information of the efficiency of quality production. Intuitively, if the technology

of childcare quality is more efficient, producing the same quality should be cheaper.
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This is apparent in the expression for P in 1 2. See Appendices H and ] for formal
identification arguments and details on the estimation.

5.6 Labor Supply of Lead Teachers and Childcare Workers

When estimating labor supply elasticities, I allow for the presence of state-specific
unobservable labor supply shifters, that is:

LTy =TT (wp )" Texp(&ry) ,

CCWy,p = CCW (wp WV neew exp (&) .

Including these shifters creates a familiar simultaneity problem, that prevents us from
identifying the labor supply elasticities just from observing aggregate labor supply
decissions of lead teachers and childcare workers for each state and their wages. How-
ever, we can overcome this problem by using a familiar strategy: We can instrument
wages using some labor demand shifter. The instrument that I use in this paper is 2
year-lagged fertility. The rationale for using this instrument is that, if lagged fertility
predicts labor demand (as it would be the case if more children in a state translate into
a higher demand for childcare in that state) and lead teachers and childcare workers
join the labor force quickly enough after having children (so that current fertility may
affect labor supply of teachers and childcare workers, but lagged fertility doesn’t), then
2-periods lagged fertility is a valid instrument. Once we have the elasticities, we can
identify the shifters by ensuring that the overall level of wages of teachers and childcare
workers across states predicted by the model is consistent with the level of wages
observed in the data. See Appendix M for formal identification arguments, details on
the estimation, and estimation results.

The identification strategy (and the resulting estimation strategy) is robust to manda-
tory staff-to-child ratios being endogenous to labor supply shocks. This is because
identification of preference and technology parameters only depends on labor supply
shocks to the extent that they affect wages of teachers, which are observed. Moreover,
identification of labor supply parameters is robust to regulations being endogenous to
the shock to the extent that lagged fertility is exogenous to the shock.

6 Estimation results and model fit

In this section I discuss model estimation, estimation results, and model fit. For the
sake of brevity in presentation, I focus on four important groups of model parameters,

20The only reason that the expression for P cannot be used directly is that q” is measured with error
and that the measurement error is multiplicative in qP but additive in P(q) (the price of childcare).
However, one can use the fact that the quality of paid care is known for a family who is using relative
care (but not exhausting it) and who is buying childcare from a provider for whom the mandatory
minimum staff-to-child ratio doesn’t bind
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and I relegate the discussion for the remaining parameters to the Appendix.

6.1 Production function of childcare quality

The production function of quality in childcare centers and home-based care providers
is one of the novel features of the model in this paper, so it is worth discussing the
estimated parameters for said technology and how those estimates are obtained. Pa-
rameter estimates imply that the efficiency units of the lead teacher are more important
in the production of quality for older children than for younger ones, and home-based
care providers are less efficient at producing quality than center-based care providers.
As discussed in the identification section, the importance of lead teacher efficiency
units in quality production is identified from the bill share of this factor for childcare
centers for which the ratio is not binding. Estimates for « ; are provided in Table 1:

Table 1: (otg 2, g 3) estimated from wage bill shares

XE2 XE 3
0.14 0.24
(0.0127)  (0.0065)

NOTE: SE in parenthesis
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

Because the ECLS-B did not conduct a direct observation of non-parental childcare
at 9 months, I estimate o ; by extrapolating from « ; and «g 3 according to:

_ eXp(bo-i—b]t)
~ T+exp(exp(bo+bit))’

XEt

where in a slight abuse of notation I am measuring t in months in the formula above.
This results in og 1 = 0.093 (Or otg 9mo = 0.093).

The estimated o is larger for older ages. This is the case because, in the data,
childcare centers for which the mandatory-minimum ratio is not binding choose to
have more children per staff member at older ages.

There are two sources of variation that identify the TFP of quality production in
centers and home-based care providers. One is the relationship between inputs and
measured quality, the other is the relationship between measured quality and prices.

Table 2 presents estimates of log AC® and log AH® coming from those two sources:?!

2lIn the "Prices" row log AI'B is estimated from the corresponding logAS® in the prices row and
the estimated difference log ACE —log AIB in the "Inputs-Outputs” row. That is logAS? —log AHB is
only estimated using differences in measured quality between Center and Home-Based providers given
inputs, not from price information. The reason for that is that only observations above the mandatory-
minimum ratio are used to estimate log-TFP in the "Prices" row, and mandatory-minimum ratios are
imputed for the Home-Based sector (see Data section). When performing counterfactuals, I use the
estimates in the "Prices" row. A detailed explanation of the identification and the estimation can be found
in Appendix |
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Table 2: Estimates of quality production TFP

logA$E logAlB logASE logAl'® logASE logAllE

Prices 1.65 - 3.70 3.37 3.47 3.20
(12.53) (229) (230) (5.74) (10.33)
Inputs-outputs - - 3.27 2.80 4.16 3.90

.21)  (221)  (4.89)  (6.22)

NOTE: Bootstrap SE in parentheses. Because inputs of the production function of quality are not observed
at 9 months, estimates for logA$® and log A'B based on that information are not available.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

As it can be seen, when TFP can be estimated using both information on prices and
quality, and measured quality and inputs, the estimated TFPs are similar. This can be
seen as failing to reject an informal validation test of the assumptions in the production
side of the model (such as constant returns to scale, perfect competition, negligible
fixed costs, and labor inputs being the only relevant production factors) 2.

6.2 Distribution of parenting quality

The statistical dependence of parenting quality and other family characteristics can
amplify or attenuate the inequality in access to quality childcare arrangements experi-
enced by children. I find that richer parents (in terms of wages) are more effective at
fostering cognitive development of children, that children with access to better care
provided by relatives also tend to have access to better parental care, and that quality
of maternal care and paternal care are positively correlated. This positive correlation
is not entirely explained by observables (e.g educated women having children with
educated men, and education being positively associated with parenting quality).

From the identification section we know that the joint distribution of states is non-
parametrically identified, but given the available data a non-parametric estimator of
the joint distribution of parental care with other states is likely to yield noisy estimates.
Hence, I impose the following parametric assumption on the dependence of parental
care on household-level observables:

logq' =log g +vjq,

where
log "¢ =X; (Bjq -

2
Vm | N 0ym Pv,m,fOv,mOv,f
2
Ve Pv,m,fOv,mOv,f 0y.f

22For instance, markups would be rationalized by the perfect competition model of supply as a lower
TFP as compared to the one implied by the one estimated from measures of quality and input choices.

where j = m, f with:
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And vj assumed to be independent of X; 4 for j = m, f. Table 3 provides OLS estimates
of B 4 for j =m,f.

Table 3: Observable predictors of parenting quality

Variable logq™ logq'
Own wage 0.09 0.01
(0.01) (0.09)
Relative care Atnett, 0.18  0.27
(0.03) (0.16)

High School 019 027
(0.02) (0.15)

College 033  0.50
(0.03) (0.18)

Post Grad 030 034

(0.03) (0.19)

NOTE: SE in parenthesis. Own wage refers to logw™ in the case of mothers and logw in the case of
fathers. Relative care Arnett is the Arnett score predicted by family observables (see Appendix L1.2).
Regressions also include a constant and demographic dummies.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

The estimates in Table 3 say that more educated, higher wage parents, and parents
with higher-quality relatives are more effective at fostering skill development.

Table 4 show estimates of the parameters of the distribution of the unobserved
component of parenting quality. For comparison, I show in Table 5 statistics of the

Table 4: Parameter estimates for the joint distribution of parental care unobservables

2 2
O-V’m G\/)f Pv,m,f

005 018 0.75
(0.01) (0.88) (1.06)

NOTE: Bootstrap SE in parentheses
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

distribution of the observable part of parental care. Taken together, Tables 4 and 5 say
that children whose mothers are effective at fostering skill development have fathers
who are also effective at fostering skill development. More details on estimation of the
parenting quality distribution can be found in Appendix I.3.

6.3 Production Function of Skills

The Production Function of Skills is estimated using 2SLS.The only source of endo-
geneity is measurement error, which is addressed by using repeated measurements as
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Table 5: Statistics of the joint distribution of log q™¢,log q™¢

Var(logq™¢) Var(logq™®) corr(logq™¢,logq™e)
0.03 0.06 0.67
NOTE: corr refers to the correlation coefficient.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

instruments?® (Agostinelli and Wiswall (2016a)). Estimates are shown in Table 6. Pro-

Table 6: Estimates of PF of skills

Parameter t=1 t=2 t=3

log A¢ 004 -0.14 -0.02
(0.03) (0.04) (0.24)
Yoyt 030 032 0.9
0.04) (0.07) (1.32)
Yoar 075 110 026

(0.37) (0.46) (9.82)
Yrnonpar 040 0.84 022
(0.42) (0.35) (1.44)
N 1900 1300 650

NOTE: Two-step estimates of Skill Production Function Parameters. In the first step the loadings of the
Arnett score are calculated. In the second step ynonpar is calculated by multiplying the 2SLS-estimated
coefficient of the non-parental time investment composite by the loading of the Arnett score. The rest of
the structural parameters are estimated by the 25LS-estimated coefficients. The estimation equation is
given above. Bootstrap SE in parentheses. N refers to the number of observations used in 25LS stage
rounded to the nearest 50 to comply with ECLS-B rules.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

duction function estimates imply that higher quality arrangements are more effective
at fostering skills (which can be seen as a validation of the way we measure quality),
and that reallocating from lower to higher quality arrangements boosts skills.

6.4 Household preferences and utility costs’ of paid care

Preference parameters are key to ensure that families’ choices generated by the model
are consistent with those observed in the data, and to the extent that regulations
affect children’s skills through families’ choices, that the model captures the effects on
regulations changes on skills. Preference parameter estimates suggest that households
derive higher utility from maternal time with the child than from paternal child, and
that families value cognitive skills of the children at all ages, which rationalizes why
some families are willing to pay for high quality childcare.

23See Appendix .5for a detailed discussion of the estimation of the production function.
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The estimation procedure for preference parameters and the parameters of the dis-
tributions of choice-specific utility costs follows the logic of the identification proof (see
Appendix K) and proceeds in 3 steps. In the first step, the First Order Conditions of sin-
gle mothers and two-parent families are leveraged to estimate (8], 5},5™, 6;{66;(“}%:1 )
by Minimum Distance. In the second step, the FOC for assets in the last period is used
to estimate &, by 2SLS?*. Finally, in the third step I use Indirect Inference to estimate the
parameters of the choice-specific utility cost distributions {Acg,Anp ¢} and to update
the estimates of {69“1}{’:1. The reason I update the estimates of {5e,t+1}f:1 is because
in order to capture the equilibrium effects of changing regulations on the demand for
childcare is important to match the fraction of households who demand childcare for
which the regulation is binding and the total hours of childcare demanded. Hence,
I target these statistics, together with the choice probabilities for center-based and
home-based care, as well as the additional statistics that are needed in the identification
proof to identify {8g 11}_,2° 2. Estimates from the first and second step are shown in
Table 7, and estimates from the third step are shown in Table 8.

Table 7: Preference parameter estimates

5 57 sm & o,
025 137 160 004 15.01
(0.01) (0.04) 0.29) 0.02) (4.30)

NOTE: Minimum distance estimates for preference parameters. Bootstrap SE in parentheses. "SOURCE"
below refers to the data source used to compute the target statistics.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

Looking now at the fit (Table 9), we can see that the model is able to reproduce
the proportion of families buying center and home-based childcare, but there is a
tension between matching the proportion of families buying center-based care for
which the mandatory-minimum ratio is binding or close to binding (denoted in Table
9 as Bunching(CB¢)) and the average hours of paid care demanded by families. The
reason is that dg ; governs both. Hence, in order to match the average hours of paid
care demanded by families in the data, a lower value of 3¢ is needed, which would
generate more bunching around the mandatory minimum ratio. This would lead to
exaggerating the equilibrium effects of changing regulations on childcare demand, and
ultimately on teachers” wages and childcare prices. More details on the estimation of
preference parameters and the distribution of utility costs can be found in Appendix L.

24We need to use 2SLS and not OLS because consumption (which is measured as a budget constraint
residual) inherits measurement error from imputed assets and price of childcare reported by parents

BLike for example, the average price paid for childcare for families whose mother is working and
who are using relative care but not exhausting it.

26Because the identification proof for {Acg +,AHB, ¢} is conditional on knowing the distribution of assets
at each age, I also target moments of the distribution of assets at each age, to ensure that the distribution
of assets generated by the model mimics the empirical distribution. More details on Appendix K.
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Table 8: IF estimates for parameters governing taste for skills and utility costs of paid care

Parameter Estimate (TP) Estimate (SM)

ACB,1 6.58 2.15
(0.04) (0.01)
ACB,2 1.58 0.82
(0.00) (0.00)
AcB,3 6.25 1.02
(0.02) (0.01)
AHB,1 4.06 1.29
(0.02) (0.01)
AHB,2 0.91 0.27
(0.00) (0.00)
AHB,3 7.18 0.87
(0.01) v(0.04)
dg,1 0.92 0.92
(0.00) (0.00)
50,2 1.01 1.01
(0.00) (0.00)
5g 3 0.66 0.66
(0.00) (0.00)

NOTES:Standard errors calculated using an analytic asymptotic formula in parenthesis. "SOURCE"
below refers to the source of the micro-data used in the indirect inference step. 6g, is estimated from
data on Two-Parent families only, and assumed to be the same for Single Mothers.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

6.5 Elasticity of teachers’ labor supply

Labor supply elasticities of lead teachers and childcare workers are key to predict
how wages of these workers change when changes in regulations change demand for
childcare. Identification of these elasticities is not straightforward when one allows
for the presence of state-level unobservables that affect labor supply of teachers and
childcare workers, due to the usual simultaneity bias. In order to deal with this problem,
I instrument state-level lead teacher and childcare worker wages with state-level lagged
fertility. Estimates of n;t and nccw are shown in Table 10. Both elasticities fall in the
range estimated by Blau (1993), who estimates elasticities in the 1.15-1.94 range.

7 Equilibrium effects of Staff-to-Child Ratios

With the estimated parameters in hand, I use the model under the estimated parameters
to simulate the wages of teachers and children’s skills at kindergarten entry under
different regulations.
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Table 9: Goodness of fit of the IF step.

Choice Probability Model (TP) Data (TP) Model (SM) Data (SM)

IP(P; =CB) 0.08 0.08 0.17 0.14
IP(P, = CB) 0.16 0.16 0.31 0.23
IP(P; =CB) 0.49 0.57 0.45 0.35
IP(P; = HB) 0.12 0.17 0.23 0.18
IP(P, = HB) 0.20 0.18 0.16 0.15
IP(P3; = HB) 0.08 0.08 0.07 0.08
Bunching(CBy) 14% 11% NT NT
Bunching(CB;) 5% 4% NT NT
Bunching(CB3) 23% 23% NT NT
E[}] 778 360 NT NT
E[5] 1584 501 NT NT
E[}] 2238 895 NT NT

NOTES: "SOURCE" below refers to the "Data" column and "NT" indicates statistitcs that were not targeted
for Single Mother Households.

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

Table 10: Elasticities of labor supply for Lead Teachers and Childcare Workers

Nt Meew
133 1.58

(1.89) (2.65)

SE in parenthesis

7.1 Effects on teachers’ earnings

First, I use the model to explore the effect of regulations on lead teachers” and childcare
workers” wages. In particular, I examone the effect on factor prices of moving each state
to the least stringent staff-to-child ratios, the average staff-to-child ratios, and the most
stringent staff-to-child ratios?’. Table 11 shows the least, average, and most stringent
regulations across states in my data for each age and type of care.

Figures 3 and 4 show the equilibrium effects of changing the stringency of regu-
lations on the lead-teacher premium and the earnings of lead teachers and childcare

workers for each US Census Region?®.

27T define the least (most) stringent staff-to-child ratio for each age and type of care as the minimum
(maximum) staff-to-child ratio across all states at each age and type of care. The average regulation at
age t for type of care j is given by the average regulation at age t and type of care j across states.

28 Although the distribution of initial heterogeneity across households is identified separately for
each state, the number of observations per state is small. Because of that, I assume that all states within
the same US Census Region have the same distribution of household characteristics and initial assets,
but regions differ from one another. I am maintaining this assumption throughout the whole results
section, and also when estimating the labor supply shifters for Lead Teachers and Childcare Workers
(see Appendix M). Moreover, I am dropping Alaska, Hawaii, and states for which I do not observe any
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Table 11: Least, average, and most stringent regulations across ages and types of care

18 months old 3 years old 4 years old

Least stringent, Centers
Least stringent, Homes

Average, Centers
Average, Homes

Most stringent, Centers

Most stringent, Homes

9 15 20
12 15 18
5.18 10.40 12.12
4.40 6.50 6.69
3 7 8
2 2 2

To ease interpretation, I report the inverse of the staff-to-child ratios, the number of children per adult.
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Figure 3: Comparison of average Lead Teacher Premia for different regulation stringencies
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Figure 4: Comparison of Child Care Workers’ (left) and Lead Teachers’ (right) average earnings for

different regulation stringencies

As it can be seen, the impact of changing the leniency of regulations on the wages
of teachers and the lead teacher premium is not negligible. First, note from Figure 3
that the effect of regulations’ stringency on the lead teacher premium is non-monotonic
in the South, and negative in the other regions. The effect of regulations’ stringency on

family with all the necessary observables to simulate their initial state variables.
Given that assumption, states within the same region only differ in their regulations. Because here I
am giving all the states the same regulations I can just report the outcomes for each region.
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the wage of childcare workers is positive for every region?. Going from the average
regulation to the most stringent increases childcare worker wages by 2.75 to 4.33%,
depending on the region. Moreover, going from the average regulation to the least
stringent decreases wages by around 2.1 to 2.9% depending on the region. Despite the
fact that more stringent ratios typically decrease the Lead Teacher’s premium, the effect
on lead teachers” wages is positive. This is because the positive effect of regulations on
the price of an hour of caregiving work w® dominates the effects on the premium per
hour for the average lead teacher wEt. In fact, increasing the stringency of regulations in
the same fashion increases the wages of lead teachers by 1.78 %-2.75 % depending on
the region, and decreasing the stringency in the same fashion decreases the wages of
lead teachers by 1.62 to 2.69 % . The equilibrium effect of regulations on the wages of
teachers increases the price of childcare for each level of quality, on top of the partial
equilibrium effects that are present for the quality levels for which the regulation is
binding after the increase in stringency. Because of this, the price of quality increases
for all quality levels, including for quality levels for which the mandatory-minimum
ratio does not bind under the most stringent regulations. Despite that, we will see how
making the regulation more stringent has mostly positive effects on children’s skills.

7.2 Effects on children skills

In this section, I explore the effects that changing from lenient staff-to-child ratios to
more stringent staff-to-child ratios has on the skills of children. In order to illustrate
these effects, I focus again on an extreme change in the leniency of the regulations. In
particular, I use the model and estimated model parameters to simulate how the skills
of children at kindergarten entry would change when going from the most lenient
regulation (the lowest mandatory ratio for each age and type of care) to the most
stringent one (the highest mandatory ratio for each age and type of care).

Let Ffoﬁggh (x) and FFOngjZ (x) be the equilibrium unconditional distribution of cognitive
skills at kindergarten entry in the US under the most lenient and the most stringent
regulation respectively. Define as Alog0,4(p) as the increase in the p-th percentile of the
equilibrium unconditional distribution of skills associated with a change in regulations

from the most lenient to the most stringent regulation, that is:
Alog(p) = (FRme) =" (p) — (FRmin, ) p)

Figure 5 plots Alog6,(p) for p = 0.01,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,0.99. From
Figure 5 we can see that an increase in the stringency level of regulations is associated
with an increase in skills at each percentile of the skill distribution, except for the 1st
percentile. In other words, a policymaker who only cares about the unconditional distri-
bution of skills at kindergarten entry prefers very stringent to very lenient mandatory
ratios, unless she puts a very high weight on the skills at the 1st percentile.

Given the differences between one-parent and two-parent households, it is to be
expected that the skill distribution of children born to single mothers and children born

29 As previously discussed, this is a quantitative result, and not a theoretical necessity.
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Figure 5: Change associated to going from the least to the most stringent set of regulations in the
1st,10th,20th,30th,40th,50th,60th,70th,80th,90th and 99th percentiles of the overall distribution of skills
(left) and for the distribution of skills for children born to Two-Parent and Single-Mother households
(right)

to two-parent families will react differently to changes in the stringency of regulations.
The right panel of Figure 5 confirms that this is indeed the case. While increases in the
stringency of regulations translate into higher skill levels for virtually every percentile®
of the skill distribution for children born to two-parent families and Single Mothers, the
magnitude of the increase is considerably larger for children born to Single Mothers.
This is reminiscent of Moschini (2023), who shows that children born to single-parent
households are more sensitive to childcare subsidies.

The increase of skills for most skill percentiles seen in Figure 5 can result from
increases in skills associated to the regulation change for most children, or from sub-
stantial reshuffling of children across the skill distribution. To tell apart the two stories,
we need to look at the distribution of General Equilibrium Treatment Effects. Define:

Alog 91,4 = log 91,4(Rmax) - 10g ei,4(Rmin) ’

to be the change in child skills at kindergarten entry (measured in standard deviations of
a math test score) for child i between a scenario in which the US is subject to regulations
Rmin to a scenario in which the US is subject to regulations Ryax.

Figure 6 shows that the treatment effects Alog 0; 4 are heterogeneous across children,
and more so for children of single mothers than for those of two-parent families, in the
sense that the distribution of treatment effects has more mass around 0 for children
born to two-parent families. Table 12 illustrates the same point using percentiles of the
distribution of Alog®; 4 for children in two-parent and single-parent households.

Hence, the changes in the overall skill distribution in Figure 5 are the product of
some children experiencing large skill gains, and other children experiencing large
skill losses. Who are the children who win, and who are the children who lose as a
consequence of more stringent regulations? Tables 13 and 14 answer that question.

Tables 13 and 14 detail the pattern of skill redistribution induced by an increase in
regulations stringency. First, the children who gain the most are born to the poorest

30 qualify this statement by saying "virtually" because there is a very small decrease in skills for the
1st percentile of the skill distribution of children for to two-parent Families, as it can be seen by looking
at the right panel of Figure 5.
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Figure 6: Distribution of GE treatment effects on children skills at pre-school entry. Treatment consists of
changing the regulations from the least to the most stringent and letting wages adjust

Percentiles of Alog0,; for TP and SM families

Percentile Two Parent Families Single Mothers

1 -62.80 % -35.89 %
5 -5.20 % -12.96 %
10 -2.24 % -5.36 %
25 -0.1 % 0.00 %

50 0.00 % 5.54 %

75 0.18 % 25.20 %
90 4.50 % 41.08 %
95 16.07 % 46.16 %
99 27.88 % 61.38 %

Table 12: Percentiles of the treatment effect distribution (measured in standard deviations of a math test
score at kindergarten entry) for two-parent households and single-mother households. X% corresponds
to X% of a standard deviation in the data. The treatment consists of changing families from a scenario
with lenient regulations to a scenario with stringent regulations. Treatment effects are general equilibrium
treatment effects and incorporate the change in wages of Lead Teachers and Child Care Workers.

families in terms of wages and assets, and their families also have little access to care
provided by relatives. This is true both for the highest gainers among children born
to two-parent families and single mothers. Why are these the children who gain the
most? As it can be seen in Tables 15 and 16, their families are buying on average lower
qualities than the other three groups. This means that after the regulation becomes
more stringent the levels of quality that they buy in the benchmark are in a flatter
region of the price-quality schedule, which translates into bigger increases in purchased
quality of paid care, which is confirmed by Tables 15 and 16. Moreover, these families
have on average the lowest endowment of care provided by relatives, so their ability to
substitute away from paid care is more limited. In fact, the children of single mothers
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Family characteristics of winners and losers for TP families

Alogb <ps ps<Alogb<0 0<Alogd <pgs Alogb >pos

a 270700 400900 157000 130000
wm 16 18 14 15
wi 17 22 19 12
logq™ -0.03 0.05 0.04 -0.02
logqf -0.16 -0.04 -0.02 -0.14
log q} 0.57 1.18 1.21 0.46
logq} 0.65 1.27 1.29 0.54
T 3935 4012 4040 3281

Table 13: Average characteristics of winners and losers for TP families.p5 and p95 are the 5th and 95th
percentiles of the treatment effect distribution respectively.

Assets and wages expressed in 2001 dollars, and the endowment of relative care expressed in annual
hours. Assets are rounded to the nearest 100 and wages to the nearest dollar.

Family characteristics of winners and losers for SM families

Alogb <ps ps<Alogb <0 0<Alogd<pgos Alogb >pos

ay 14400 204600 29600 9500
wm 10 12 10 9

logq™ -0.21 -0.10 -0.08 -0.11
log q} 0.07 0.76 0.83 0.67
logq; 0.15 0.84 0.91 0.75
T 4377 4600 3850 2417

Table 14: Average characteristics of winners and losers for SM families.p5 and p95 are the 5th and 95th
percentiles of the treatment effect distribution respectively.

Assets and wages are expressed in 2001 dollars, and the endowment of relative care is expressed in
annual hours. Assets are rounded to the nearest 100 and wages to the nearest dollar.

who experience the highest skill gains increase on average their time in paid care®!.

Let’s compare now the children that lose the most and the children who experience
moderate skill gains. We can see that both for the case of single mothers and two-parent
families, these children are born to families with similar economic resources. However,
children who experience the largest skill losses are born to families with much worse
non-paid childcare options. Because of this, as it can be seen in Tables 15 and 16, they
use a lot of paid childcare in the benchmark with lenient regulations. When regulations
become more stringent and the price of childcare goes up they respond by lowering

31To see why note that in an interior solution for paid care and relative care t" has to satisfy:

yP wr

Tl P - fl T ==
T 084 T o84

Hence, if purchased quality increases, ¥ may increase if the increase in the price of quality is not too

high. Intuitively, the price-flattening effect of regulations pushes families to buy higher quality, which

means that, in the margin, developmental gains of an additional hour of paid care are larger, which may

push some families to buy higher paid care if the marginal cost in terms of consumption is not too high.
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their demand of hours of paid childcare significantly, and they substitute away to
lower-quality relative and parental care. On the other hand, the families of children
who experience moderate skill gains are less reliant on paid care in the benchmark.
When the regulation becomes more stringent, they respond by demanding less paid
care and increasing the quality of paid care when they stay on the market. However,
the developmental impact of the reduction in paid care is less severe, because paid
care is a lower fraction of their total care time, and because their outside options are
of higher quality. Finally, let us look at the children who experience moderate skill
losses. From Tables 13 and 14 we can see that those children belong to families who are
relatively rich in terms of wages and assets, and the quality of their non-paid childcare
arrangements is relatively high. Because their non-paid options are good, they buy
relatively fewer hours of paid care compared to the other groups. This means that
when the price of paid care goes up after the increase in the stringency of regulations
the decrease in skills is less severe. There is a key difference between the children who
experience moderate skill losses born to two-parent families and those born to single
mothers. By looking at Tables 15 and 16 we can see that the only group for which
average log-quality of paid care decreases after the regulation becomes more stringent
is the children born to two-parent families experiencing moderate losses. The reason
for this is that even childcare of very high quality (for which the regulation does not
bind) becomes more expensive due to the equilibrium adjustment of factor prices.

Choices of winners and losers for TP families

Alogb <ps ps<Alogb<0 0<Alogd<pgos Alog >pos

AT -1635 -31 -10 2
AT 1223 19 -14 -30
AT™ 397 11 23 24
Atf 15 1 1 8
Alogq® 0.03 -0.04 0.01 0.13
Alogq? 0.38 -0.02 0.31 0.55
Alogq? 0.62 0.17 0.74 0.89
108 47 (Rynin) 0.76 1.61 0.98 0.43
108 ° (Rynin) 2.14 2.83 2.04 1.73
108 ° (Rpnin) 1.1 1.24 0.84 0.62
T (Rimin) 2590 942 369 3388

Table 15: p5 and p95 are the 5th and 95th percentiles of the treatment effect distribution respectively

8 Conclusion

Mandatory minimum staff-to-child ratios are a common licensing requirement for
childcare providers across states. While empirical evidence has shown their impact on
the market provision of childcare, their effect on children’s skills remains unexplored.
This paper addresses this gap by constructing and estimating an equilibrium model of
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Choices of winners and losers for SM families

Alogb <ps ps<Alogb<0 0<Alogd<pgs Alog >pos

ATP 2138 -595 235 17

AT 1563 219 56 -207
AT™ 574 375 179 190

Alogq® 0.62 0.42 0.89 1.20
AlogqP 0.64 0.64 0.86 1.32
Alogq® 1.17 0.96 1.11 1.27
108 q° (Rmnin) -0.24 0.19 047 -0.62
108 q% (Rmnin) 1.12 115 1.07 0.74
108 % (Rpnin) 0.52 0.58 0.52 0.50
™ (Rinin) 3042 1484 2186 3755

Table 16: p5 and p95 are the 5th and 95th percentiles of the treatment effect distribution respectively

the childcare market, where paid providers must adhere to mandatory minimum staff-
to-child ratios, and teacher wages adjust accordingly to regulatory changes. Stricter
mandatory minimum ratios increase the price of childcare, partly because the upward
equilibrium adjustment of teachers” wages. Despite the higher costs, more stringent
ratios improve the overall distribution of children’s skills at kindergarten entry, with
the exception of children at the very lower end of the skill distribution. The stringency
of mandatory-minimum ratios affects more the children of single mothers than those of
two-parent families, and there are children who experience skill losses and skill gains
from more stricter ratios in both groups.

This paper is a step toward understanding the effect of different childcare market
regulations on the development of young children and their impact on the labor market
of early childhood educators. A fruitful avenue for future research is examining
the equilibrium impacts of other widespread regulatory requirements for childcare
providers, such as minimum educational requirements for teachers.
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Appendices

A Proofs of Lemma 1

Before proving Lemma 1, it is useful to establish some properties of the conditional labor
demands and the cost function.Let h = Tk be the total hours of care in the classroom.
Because of constant returns to scale on quality production we can write:

F(h,q)=F(q)h,
C'(h,q)=C(q)h.

Lemma 2 (Factor demands).

c 1*O‘J‘E t
XEtr w " gh %
_ <_’_1_(X5Ettﬁ> %t ifq>q
Ej(h)q) — ’ ; 170(];:—t
q ‘X]E t 1 “]ii t h < a*
AL Rjit ’ fa<d

where q* is given by:

Proof. This comes out of the unique solution to the KKT necessary conditions [
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Lemma 3. Given factor prices wE,w®, the cost function of a childcare provider of type j
operating in location 1 and serving age t c; 1 ¢(q,h) is given by:
I ; T—od ; od
) E,t ) E,t
E o c ’ cf 1« E ’ h .
we (k) e (Lrkent) ] e
E,t E,t
C]'J,t(q>h) = i ] l—t?ch
E o (1) o, Cpj ;
WE ()T () F R a< g

where q; , is defined as in Lemma 2.
Proof. The cost function is the value of the cost-minimization problem. This implies:
c(q,h) =wEE(h,q) + W C(h,q),

where E(h,q) and C(h, q) are the conditional factor demands in Lemma 2. O

A.1 Proof of Lemma1l

The expression for the price-schedule in Lemma 1 is given by the cost c(q), where c(q)
satisfies (in a slight abuse of notation):

c(qgh=c(h,q).

Hence, proving that P(q) is given by the expression in Lemma 1 is equivalent to arguing
P(q) = c(q). Suppose P(q) > c(q). Then the profit function for a generic provider
is monotonically increasing in the hours supplied h, which implies that the profit
maximization problem of the provider has no solution, which is inconsistent with
equilibrium. Moreover, if P(q) < c(q) then the profit maximization problem of the
provider is solved by offering 0 hours of childcare, which is inconsistent with an
equilibrium in which positive hours are offered. Hence, in an equilibrium in which
positive hours are supplied, it must be the case that P(q) =c(q).

B Value functions are log-additive in skills

We can prove that the value function for the single mother is log-additive in the child’s
skills. The proof for two-parent families is similar and is omitted here.

Proposition 1. Fort=1,2,3
VEM(at>Wm> q™, qLTr) etao‘SB)O]t—[B) = V’cSM(at>Wm> q™, q{»Tr>0’cCB>O]c—lB) + rte loge‘?
with

Y =804 and T = Byg P, + 86
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Proof. We proceed by backward induction. First, we establish the result for t = 3.
Substituting (PF) in the RHS of the value function equation:

SM m m v T CB _HB SM m .m
\'% (a3,w™,q yq3, T 40,04, 0¢ ) = maxp , u (C)l3 y T3 )+59,310g93
63)0-4)“?1»1?1,’(?)(13,’(3 )T§>D3

Tm
—0$81{D3 = CB} — 0}'B1{D3 = HB} + ﬁse,ﬂm,g% logq™+

% ™
BSo4vr3= 10845+ BSosvpa=logal+
+Bdealog Az + BVoM(as) + Bdeaveslogs
s.t (TC),(SC),(RC),(BC),(AC),(DCP)
by letting
s = Bdeavos+ 003
and

ySM CB HB)

m m v T SM m m
V3 (a3,W ,q ,qs,T ,03 ,03 = max U (C3,13 ,Tg)

C3»‘14>7121;1g1»”573n»q§»TgpaT§>D3
Tm
—0$B1{D3 = CB}—o}!B1{D; =HB} + fszse,wm,s% log q™+

T ™
B04Yr3 T logq; +Bde4Yp3 T log g5+

BSeslog Az + BViM(as)
s.t (TC),(SC),(RC),(BC),(AC),(DCP)

we prove the result for t = 3. The induction step proceeds in a similar fashion with
rte = Br&ﬂ/e,t + dg,t
and

VSM m m v 75 CB _HB SM m .m
Vt (atvw vq )qt’T yOt 04 ): max PP ox u (Ct)lt )Tt )
Ctaat+1)n1(n>U[naT][n»qt>Tt th’Dt

Tm
—o B 1{Dy = CB}— o 1{D; = HB} + BF&]ym,t%log qm+

v 7P
BF&m,t% log qf + 6F&Wp,t% log q}+

0 VSM T .CB HB
Brt_H logAt + BIEVH_] (at+1 )Wmv qm) q{—i—l)T >0t+1 ) Ot+] )

5.t (TC),(SC), (RC), (BC), (AC),(DCP)

C Definition of Equilibrium

In this appendix, I define more formally the notion of equilibrium for a location 1. I
omit the location subscript for economy of notation.
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Definition 1 (Equilibrium). Given mandatory minimum staff to child ratios R®® = (R§B RSB R$E),
RMB = (RHB RYB RUB) and an initial distribution of family types and asset levels G]¥(aj,H),
GIM(a1,H) an Equilibrium in this environment is given by factor prices (w*,wt), Pric-
ing schedules for paid-care {PEB(q,T)13_,, {PIB(q,7)8_,, labor demand functions for child-

/\

care centers per hour of care offered {CP(q),EP(q )}p=cB,HB, factor supplies fs,fs, Value
functions for families {{V{ PP (ay, H), V?MP (ay, H)}p_n,cB, 1B Y policy functions for families
{{gd" (at, H)}weatp=n,canli_y, and {{g3hP (at,H)}wealp-n,cB HBli_;, endogenous dis-
tributions of family types at t = 2,3 GTP(az,H), GSM(az,H), GIP(az,H), G3M(az,H), choice
probabilities {IP} 1B (a, H), PfPHB (a, H)}3_, for FT = TP,SM, endogenous measures of fami-
lies over quality of paid care type D at time t {{F]7, FeM}p_cp npl_; and endogenous measures
of paid care providers {{P}p—cp npti_; (where measures of families and providers map the Borel
sets on Ry, B(Ry), to Ry ) such that:

* Given factor prices and requlations (Mandatory minimum staff-to-child ratios) the price
schedule of paid care providers of type P at time t is given by Lemma 1.

e Factor demands {{CD( ),E D(q)p=cs HB}t | are given by

where EP(q,h) and CP(q,h) are given by Lemma 2

o C° E° are consistent with Supply of C and Supply of E given wages, that is:

* gih(ai, H) belong to the argmax of:

V{PN(ai, H) = max {logct+6{“loglm+6{10glf+6;“log’rm+6£10g'cf+ (VN)

ap1,Yt

T . _
Z Wi% logq"+ lEtVtTf1 (at+1,HyCt1,CBy Ct1,HB) }
i=m,f,r
ci+ag =a(T+1)+w™™+winf
Tt + l] + nt T
TLT
Qg1 =2 a

maqf ..m f _m _f _r _p
C‘nlt >lt>nt y Thy Tt )T’mTt)Tt >O

and gP (ar,H), D = CB,HB belongs to the argmax of:
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V{PP(ay,H) = max {10gc+6{“loglm+6{10g1f+62110ng+6£10ng+ (VP)

at41 >Yt

Z ‘V 108 g + BeV{F (ar, Hycerr,oBy Ceg HB)}

i=m,f,r,p

ce+ a1 +PL(gP)TP = ae(1+71) +w™™ +winf

C
T+ +n, =T
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TLT

a1 =

a
maqf . m f _m _f _r _p
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VFLD (ay, H) solve VN and VP,

Choice probabilities {P} 8 (ay, H), PEPHE (ay H) Y, are consistent with {VI TP }p_N cB 1B,
that is:

PiMP(a, H) = H’(VtFT‘D(at,H) —oP >max{V{ (ay,H) — o}, VI "N (at,H)}> ,
for D=CB,HBand j =D

G, (ae1,H) is consistent with the optimality of saving decisions of households, that is:

Milan =] (¥ POl (aH) < aw))dGila, )
o, H<H *p_\ CB,HB

The measure of families with a child of age t demanding qualities q € Q of type D is
consistent with the optimal family decisions:

FP(Q) = MFTJ PP (an H)T(ggp 7 (an H) € Q)gz,0 (ar, H)dGe(a H) for all Q € B(R4)
Qt,

q € Q at age t in market D for t =1,2,3 and for D = CB,HB clears:

FMP(Q) +F{PP(Q) =PP(Q) for all Q € B(R,) .

The factor markets clear:

3

A S
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D Imputation of parents’ wages

In this appendix, I describe how I impute the wages of mothers and fathers when those
are missing. In principle, imputation may not be a good idea if most of the missing
wages are missing due to endogenous selection on unobservables on the labor force.
This is less of a problem in this context because in order for the wage of a parent not to
be observable due to non-participation, that parent would need to not participate in all
4 waves (remember that I am assuming that wages are time-invariant). In fact, of the
4450 families for which the wage of the mother is missing, 1100 are missing because
the mother does not participate in the labor force in any wave. This means that of the
approximately 10300 observations in my sample®?, approximately half of those have
missing mother’s wages, but approximately only around 10.7 % are missing due to
non-participation in the labor force. For fathers, of the 1350 two-parent families for
which the wage of the father is missing, only 50 are due to the father not working in
any wave?. In my sample, a household may have missing wages for some parent in
a given period because that parent failed to report earnings or hours worked in that
period, or because their combination of hours and earnings implied an hourly wage
lower than half the federal minimum wage (which I consider miss-reporting).

Moreover, given that the model does not generate a selection rule with a known
parametric form, and given that the model is unlikely to have the single-index property
needed for many semi-parametric selection-correction procedures, a model-consistent
selection correction for the identification of the joint distribution of wages, other indi-
vidual characteristics, and assets would be challenging.

In order to impute wages, I follow Appendix D in De Nardi et al. (2021). This
imputation strategy is an analogous version of hotdeck imputation with continuous
covariates. First, for the observations with non-missing wages for mothers, I regress
their log-wage on a vector of observables z and get fitted values z’ and residuals
€. The variables in z include a quadratic polynomial of the age of the mother in
wage 1, dummies for educational achievement, dummies for self-reported health
status, dummies for US Census Region, and Dummies for the 2000 Urban and Rural
classification%. I split the sub-sample of households with an observed mother wage
according to the deciles of z'3, and I keep the distribution of e for each of those deciles.
Then, for the households for which the mother has a missing wage, I calculate z’'f3, and
I sample an € at random from the set of households in the same decile bin of z’f with
an observed wage. The procedure to impute the wages of fathers is analogous. The R?
of the regression used in imputation is 34% for mothers and 36% for fathers.

32Because of recent changes in the Department of Education, I have no access to ECLS-B data. The
approximate total number of observations in my sample has (children who are not part of a multiple
birth and whose parent respondent is the biological mother), has been calculated using the DataLab tool
of the NCES (see https://nces.ed.gov/datalab/)

33Number of families rounded to the nearest 50 to comply with ECLS-B disclosure rules

34The ECLS-B provides the 2000 US Census Urban and Rural classification of the households in the
sample. The US Census divides areas according to their density and other criteria in Urban Areas, Urban
Clusters, and Rural Areas
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E Measuring assets

In this appendix, I describe how I measure assets in the ECLS-B. I call this "mea-
surement” and not "imputation" because unlike in the case of wages, I account for
measurement error in assets when estimating parameters. The ECLS-B does not contain
a measure of net worth, nor it does contain information on the monetary value of most
assets and debts that are commonly used in the calculation of net worth. However,
the ECLS-B does contain some information on the portfolio composition of families.
In particular, the ECLS-B asks families the following questions about their investment
portfolio: Whether they own assets from a list of low-risk assets®, whether they any
assets from a list of risky assets>?, whether they own a car or a truck, whether they own
the house they live in, if they own the house they live in, whether they have a mortgage,
if they own the house they live in, and the value of the house.

All of these questions can be mapped to questions in the SCF 2001. In order to
exploit this, I regress®” net worth on the portfolio variables that can also be found in
ECLS-B, and in demographic and economic variables that are common to ECLS-B and
SCF 2001. These demographic and economic variables are household income, dummies
for the educational attainment of the mother and the father, the ages of the mother
and father, and an interaction of their ages with their educational attainment dummies.
Call the vector of portfolio, demographic, and other economic variables z, and the
vector of coefficiencts estimated in the regression using SCF 2001 data 3. Because all
the variables in z are available in ECLS-B, I can construct a measure of assets as:

~ /
Ait =2zi4 P -

The R? of the linear prediction for assets is 67%, which implies moderate f measurement
error in d;;. Because net worth is observable in SCF 2001, the marginal distribution of
measurement error in d;; is identified from computing a;  —z/ . in SCF 2001.

F Measuring minimum ratios for home-based care

A few features institutional features make reducing the mandatory minimum ratio for
home-based care providers to a number that can be inputed into the model challenging.
First, home-based care providers that provide to a number of children below a certain
threshold are not subject to mandatory licensing (and hence not subject to mandatory
minimum ratios). Second, home-based care providers with one staff member (from
now on Small Homes) sometimes have different mandatory minimum ratios than their

3The precise question is:"Do you, or anyone in your household, have any money in checking or
savings accounts, money market funds, certificates of deposit, or government savings bonds, or Treasury
bills, including IRAs?"

36The precise question is: "Do you or anyone in your household have any shares of stock in publicly
held corporations, mutual funds, or investment trusts, including stocks in IRAs?"

37For the sake of comparability, when running this regression, I only use families in SCF with children
aged 0-6 years old and that correspond to the definition of two-parent household or single-mother
household used in this paper.
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counterparts with more than one staff member (from now on Large Homes). Third,
because home-based care providers can mix children of different ages in the same room,
the mandatory-minimum ratios usually depends on the age distribution of children.
As explained in the body of the text, the way that I deal with these complications is
by calculating the mandatory-minimum ratio for homes that would apply if mixing
children of different ages in the same room was outlowed (as the model imposes) and
by picking the configuration of number of staff members and children that minimizes
the mandatory minimum ratio (which by the constant returns to scale assumption
and perfect competition would be the only one that survives in the equilibrium of my
model). Here I explain how to do this.

First, suppose that the threshold number of children for home-based care providers
in state lis M{“icensmg . That means that the minimum staff-to-child ratio that a home-
based care provider operating without a license in state 1 can have is 1 /M{“icensmg.

Second, suppose that the mandatory-minimum ratio for Small Homes providing only

to age t in state lis ﬁirtnau Homes (note that this is just a number and it does not depend

on the age distribution of children in the room, because we are assuming that the age

distribution is degenerate at age t). Finally, suppose that the the mandatory-minimum

ratio for Large Homes providing only to age t in state 1is ﬁ&irge HOMeS Then, the most

lenient mandatory minimum ratio a home-based care provider in state 1 providing to
children of age t can achieve is:

HB . Licensing 5Small Homes —Large Homes
R :mm{UMl g,RH Ryt ,

which is the mandatory-minimum staff-to-child ratio for home-based providers that I
input into the model.

G Identification of the relative care endowment function

Recall that the relative care endowment function is a deterministic function of a vector
of discrete covariates, call it Z'". Abusing notation slightly we write this as:

T=T(Z"M<T.
The following proposition establishes identification of T(Z""):
Proposition 2. Suppose that Ve >0
P(q™ < e,q" < elaj,w™w,q",Z"") >0

for all (a3,w™w',q",Z"") € supp(ar,w™w',q",Z"").

Then

max T =T (Z")and P(v" =T (Z™)|Z"") > 0 for all Z"" € suppZ™"

T esupp(T|ZTT)
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Proof. 1t suffices to show that for every Z" € suppZ™ there exists a set of states X with
positive probability measure such that

for all (a;,w™w',q™, q", {q"B_;,T',ctB,clB) = x € X we have that T} (x) =T (Z™")

Since T'(Z"") is time-invariant, I am going to make the argument focusing on the first
period, and omitting time subscripts when convenient.

Pick sets bounded above for initial assets A, maternal wages W™ and paternal wages
W such that

P((a;,w™w') e A x W™ WizT") >0
Let q"* be such that the set
{qr . qr > qr,*}

has positive probability measure given (aj,q™,qf) € A x W™ W' and Z"" (there is at
least one q"* regardless of whether q" is a continuous or a discrete random variable as
long as the distribution of q" given (a;,q™, q") is non-degenerate). Moreover, let:

(v o
m,* Tk T
qmt = exp{— (—_ log q™* — —TT%T’T) ) }

T (VY &f
ﬂ* _ Ty 7T
T eXp{‘”f ( T8 T Lt ) }

IP(qm < qm)*,qf < qf’*|(a1)Wm,Wf) 6 .A X Wm X Wf) qr 2 qr)*)ZTyr) > O

and

Note that

Hence
IP((a])Wm,Wf) c A x WM« Wf)qm < qm»*’ qf < qf,*, q‘r > qr,*|ZT,r) >0
Define
XeX_¢

where

:X:_C :{(ahwm)Wfa m’ f)TT) : (a],Wm,Wf) cAx WM x \/\7f
q,q

qm<q™,q" < q",q" = ¢ T =T (27}

And note that ¢j* is finite because X_. is bounded above.

Since d ~ exp(N) with cHB c“P independent of each other and ¢/ independent of

ar,w™w', q™, qf,Z"" for j = CB,HB we have that

P(d > *lar,w™w, q™, qf, Z"") > 0 for all (a;,w™ w,q™,qf,Z"") for j = CB,HB
Hence
P((ar,w™w") € Ax W x W q™ < q™* qf < q™*,q" > q"* ccp > cipychp > cfplZ™™) > 0
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We are going to show now that if x € X with
X =X_cx{ccp:ccp >cepl x{chp : chp > cyp)

then
Hx) =T (Z")
Suppose this is not the case for some x € X. Because the fixed costs of using home-

based and center-based childcare are large enough, it is not optimal to use any of those
childcare arrangements. Hence, at state x the optimal t[* and ! satisfy:

4 >T-T(Z2™).
T_T(7T,r T_T7(7T,r
It must be the case then that either " > #(Z) or T‘; > %(Z)

Suppose that the first one is the case. Note that the marginal value of decreasing "
and increasing T} and ™ by the same amount is given by:

6{11 5”Tcn \PTP,m WTP,r

— =4+ = ___Jogq™— —L—logq"| >0

{mﬂ“ﬂﬁ = 1084 T ogq}> ,
7T (z"r

given that q™ < q™*, q" > q"* and 1" > T)/ this improves the objective of the Twp-
parent family, which contradicts t*, ti being optimal. A similar contradiction argument

T T’T . . .
applies if ) > #(ZJ, so it’s optimal to exhaust relative care for all x € X O

The intuition of the result is that within each group of households defined by their
level of wages and household wealth, it is always possible to find households with
maternal and paternal childcare quality low enough and fixed costs of using center and
home-based care high enough, that exhausting relative care has to be optimal.

From here, we get that in order to identify T (Z"") we just need to look at the
maximum of " given Z"". The argument for Single Mother households is similar.

G.1 Estimation

The identification argument above implies that T (Z™" = z) can be estimated as the max-
imum of hours of relative care conditional on Z"" = z. I include in Z"" the discretized
age of the maternal grandmother, the discretized age of the maternal grandfather and
the number of adult relatives living in the same household as the child. The estimated
distribution of relative care monthly endowments is given by Figure 7.

H Share of efficiency units of the lead teacher on the
production function of quality (x¢)

Cost-minimization for a childcare provider with quality above q* implies:

wEtE

*E = wCC4+wEE *
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Figure 7: Histogram of estimated hours of relative care available to families each month
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SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

That is, childcare providers that offer high enough quality that the mandatory minimum
staff-to-child ratio is not binding choose efficiency units of the lead teachers and the
hours of childcare workers such that the income share of the efficiency units of the
lead teacher is equal to ag. Hence, ¢ is identified from the average income share of
the efficiency units of the lead teacher for childcare providers with staff-to-child ratios
above the minimum regulated one. Here I describe how I construct the data analog of
g i,t, the income share of the paid childcare provider that child i attends at age t. First,
for the subsample of children for which information on paid providers is observed at
age t, the wage of the lead teacher wﬂ can be computed. Note that the hourly wage of
the lead teacher includes the remuneration for hours of care and her efficiency units:

Wt = wCC +wEE .

Hence, the hourly remuneration of the efficiency units of the lead teacher is given by:

WEE =wtT —n© .
Given that childcare workers (the staff members of childcare provider different from
the lead teacher, CCW from now on) only provide care, their wage is the price of the
care factor. Hence, I let w® in the data to be the average wage of childcare workers
at a given year in a given state. I get the wage of CCWs at a given year in a given
state from the BLS. Now we have the numerator of «g ;. In order to calculate the
denominator, we need w¢C. As discussed before wC is an aggregate statistic from the
BLS. I let C be the average number of adults in the classroom. 3 Now, we can calculate
g i, for each child i for which direct observations of paid care providers are conducted

38ECLS-B contains counts at 6 different times of the number of adults and children in the room where
the focal child receives care. I average the number of adults across counts to get C and the number of
children to get h
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at time t. Restricting attention to cases for which the number of adults per children
in the classroom is above the minimum regulated one and information on the wage
of teachers is available,and cases on a state and year for which the hourly wage of
childcare workers is lower than the average wage of lead teachers, we can estimate:

1 N
Xgt = N Z XEit -
i=1

Estimates can be found in the body of the text.

I Measurement systems and production function of skills

Quality of caregiving is hard to measure. Instead of assuming that quality of caregiving
is observable, I assume there is a battery of noisy measures for different types of
caregiving quality. For simplicity, I impose parametric restrictions on the relationship
between the noisy measures of quality and true latent quality:

fogq" =W + slog gl + &,
forj=m,f,r;pand s=1,...,Ng

The measurement system for children’s cognitive skills is analogous:
—~——S
log0, =ug + g logi +eg, -

I.1 Identification and estimation of the measurement system for non-
parental care

The measure of non-parental care (relative and paid) used in this paper is the Arnett
score. The relationship between the Arnett score and true quality of non-parental care
is given by the following linear measurement system:

Arnett{)t = ppmett 4 et og qi,t +epfmet forj =1,p .

Note that I am allowing measurement system parameters to vary with child’s age.

I.1.1 Factor loading of the Arnett score

Substituting the expression for the Arnett score measurement system in the production
function for quality production in paid childcare providers we get:

Arnettzt = pfimett 4 gmett <log AP +1(D;i = CB)(logAf® —log A{'P) + Ianompi’t) 4 girnett

with

InpComp; = o, log (%) +(1—og, 1) log (ki’t> :
’ ’ it

i’)t )
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This means that af™¢!! is identified from a regression of the Arnett score on a constant,

a dummy for center-based, and the input composite term. It is useful to define:
Arnett; | = pfmett y gfAmett <log AY® +1(Di = CB)(logAf® —log A{'P) + Ianompi)t> :

Note that we can construct the input composite term because ¢ ; is identified from
the previous section, C and k are the average number of adults and children in the
classroom respectively (as in the previous section), and E, the efficiency units of the
lead teacher, can be constructed according to:

LT _,,C
E— w EW ,
w
where w' is the hourly wage of the lead teacher in the classroom, w€ is the average
wage of childcare workers in which the focal child leaves, and w¥ is the average salary
premium of lead teachers with respect to childcare workers in the state where the

average child lives. Estimates of the Arnett loadings are shown in Table 17

Table 17: Estimates of the Arnett score loadings

IR R
036  0.26
(0.08) (0.1)

NOTE: SE in parentheses
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

I.1.2 Identification of the Arnett score measurement system additive shifter

See Appendix 1.5

1.2 Distribution of relative care
Relative care quality is a function of observables:
loga} =Xg,B" .
This implies the following relationship between the Arnett score and X ;:
Arnett{’t — LLJ/[l\rne‘ct + o‘tArneuX(’q,r g,T + eé{nett .
It will be useful to define:

e
Atnett; = p e 4 o] BT

Table 18 reports The estimated dependence between Aﬁ?tt;t and Xq.%.

39Because quality of relative care is measured for relatively few families, I use the relation implied by
the FOC for families in an interior solution for quality to construct the Arnett score for those families
whenever the Arnett score for relative care quality is not observed
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Table 18: Observable predictors of relative care quality

Variable Arnett, Aﬁ?ttg
Grandmother High-School 0.23 0.18
(0.11) (0.15)
Grandmother College 0.45 0.39
(0.22) (0.29)
Grandmother Postgraduate 0.47 0.45
(0.27) (0.31)
Grandfather High School 0.24 0.04
(0.11) (0.16)
Grandfather College 0.34 0.45
(0.19) (0.24)
Grandfather Postgraduate 0.40 0.39
(0.22) (0.35)
Grandfather missing education  -0.16 -0.34
(0.17) (0.24)
Constant -0.40 -0.56

0.09)  (0.11)

Table 19: NOTE: SE in parenthesis.
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

In the ECLS-B, the Arnett score is not available at 9 months. Hence, modeling
heterogeneity in relative care quality as in waves 2 and 3 is not possible. To allow for
heterogeneous relative care qualities across families without taking a stance on the
overall quality of relative care with respect to parental care, I assume that:

logqs =logq] +g7".

Later I show that g{"" is identified. Note that because the location of maternal care is
normalized to 0, g;"" measures how good or bad at fostering cognitive development
become with respect to mothers from period 1 to period 2. For instance, if

Ellogq™] > E[logqjl,

and g{" > 0, then the gap in care quality (as measured as how conducive to cogni-
tive development a certain childcare arrangement is) between relatives and mothers
becomes narrower between 9 months and 2 years old.

1.3 Parental care
I.3.1 Constructing measures of parental care

I construct two measures of parenting quality for maternal and paternal quality. It is
convenient for one of those measures to be constructed from the same items. If both
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maternal and paternal quality are measured in the same units, then it makes sense to
impose ym,t = Ys, in the production function for skills. Therefore, I choose to construct

fo\g_am’] and lfo\g_c]f’1 from a subset of questions asked to both the father and the mother
of the child in the third wave (when the child is 4 years old). More concretely:

, 6
fo\g_a]’] =) 1 (Ai # "Never") forj=m,f .
=1

Where each A; denotes the answer to questions about how often the parent did the
following things last month: Play with child using toys for building things, like Lincoln
Logs or Legos, help the child to bed, help the child bathe, take the child for a walk or to
play outside, help the child to get dressed, help the child to brush his teeth.

The second measure of maternal care l/(%_c/]m’] combines information three different
instruments of ECLS-B: The parental interview at 9 months and 2 years old, and the
Two-Bags Task at 4 years old. To operationalize that, I compute two sub-scores: An
interview score and a Two-Bag Task score 4’. Then, I add the two sub-scores.

* Interview Score I transform answers to questions from the parental interviews
at 9 months and 2 years old into 0-1 variables, I weigh them by 1 or -1 and I add
them up to form a mother interview score

¢ Two-Bag Task score I add up the Emotional Support and Cognitive Development
Scales and subtract the Intrusiveness and Detachment scales of the Two-Bag Task
measure at 4 years old to form a Two-Bag Task measure

The following table presents the questions from the parent interviews at ages 9 months
and 2 years old used to construct the mother interview sub-score, how are they recorded
into 0-1 variables, and their weight in the weighted sum:

The ECLS-B does not assess direct interactions of the father and the child, except in
the very rare cases in which the father is the parent respondent (the parent responding
to the parent interviews), which happens in less than 1% of cases. Therefore, I construct
the second measure of father quality only for responses to questions to the father
interview when the child is 9 months, 2 years old, and 4 years old. As with the mother
interview sub-score, I transform the responses to 0-1 variables and add them up with a
weight of 1 or -1 to form a continuous score. Table 21 summarizes the questions that I
use, how I transform them to 0-1 variables, and their weight. Correlations between the
two measures of maternal and paternal care quality are shown in Table 22.

“0In the Two Bags Task the parent and the child have to play with two sets of toys. The interaction is
recorded, observed and coded. Different features of the observed behavior or mood of parent and child
are coded separetaly. I use the Sensitivity, Positive Regard, Intrusiveness, and Stimulation of Cognitive
Development in the 2 years old assessment, and the Emotional Support, Stimulation of Cognitive
Development, Intrusiveness, and Detachment parental scales in the 4 years old assessment. I do not use
the Negative Regard Scale at either age because it intends to capture the degree of negative perception
that the child has of the parent, as opposed to a behaviour or mood that the parent presents during the
interaction. A more detailed discussion of the Two Bags Task is in Andreassen and Fletcher (2007).
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Table 20: Questions used for the mother interview sub-score

Question Transformation to 0-1
Questions asked when child is 9 months old

Used book/magazine on parenting 1if Yes 0 if No (+)
How often play peekaboo with child 0 if Never 1 otherwise (+)
How often tickle child 0 if Never 1 otherwise (+)
How often play/walk with child outside 0 if Never 1 otherwise (+)

Questions asked when child is 2 years old

How often play chasing games with child 0 if Never 1 if otherwise (+)
How often play games indoors 0 if Never 1 if otherwise (+)
How often play/walk with child outside 0 if Never 1 otherwise (+)
Mother spanks child when child misbehaves 0 if No 1 if Yes (-)
Mother hits back child when child hits her 0if No 1 if Yes (-)
Mother ignores child when child hits her 0if No 1 if Yes (-)
Mother makes fun of child when child misbehaves 0if No 1 if Yes (-)
Mother yells to child when child misbehaves 0if No 1 if Yes (-)

(+) indicates a weight of +1 and (-) indicates a weight of -1

I.3.2 Identification and estimation of the measurement system of parental care

We have two measures for maternal and paternal care qualities:

@J)S =y +0€j’slogqj +esforj=m,fands=1,2,

with ph! =0 and o' =0 for j = m, f. We can estimate w? oJ»? for j = m, f. If there is an

instrument Z uncorrelated with measurement error in parental care qualities then:

cov(lfogaj’],Z) = cov(log ), Z) and cov(lfogaj’z,Z) = ob?cov(logq’,Z),
and hence:

b = COV(E)EHLZ»Z)/COV(E’EEN’Z) :

We can use the predicted Arnett score for relative care in wave 2 as the instrument Z.

Substituting population objects for sample analogs in the previous expression we get

——j,1 .
the estimates for ™2, «"? shown in Table 23. Since E[logq” ] = Ellog q'] it follows that:

W = lE[foE-aj’z] B Ocj’ZIE[EOE-aj’]] '

Substituting population objects for sample analogs in the previous expression we

get the estimates for p™?2, 1’2 shown in Table 23
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Table 21: Questions used for the second measure of father quality

Question

Transformation to 0-1

Questions asked when child is 9 months old

How often read books to child?

How often tell stories to child?

How often sing songs to child

How often play peekaboo with child

How often tickle child

How often play/walk with child outside

How often talk about child

How often carry pictures of child

How often think about child

How often think that holding/cuddling child is fun
How often prefer to get things for child instead of himself
Think father must play with child

Think father have long term effects on babies
Think providing is more important than emotional support

Think fatherhood is rewarding

0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
1 Agree/Strongly Agree,
0 otherwise (+)
1 Agree/Strongly Agree,
0 otherwise (+)
0 Agree/Strongly Agree,
1 otherwise (+)
1 Agree/Strongly Agree,
0 otherwise (+)

Questions asked when child is 2 years old

How often read books to child?

How often tell stories to child?

How often sing songs to child

Feel like gave up more than expected because of fatherhood

Expected warmer feelings from fatherhood
Feel trapped by fatherhood

Father spanks child when child misbehaves
Father hits back child when child hits her

Father ignores child when child hits her

Father makes fun of child when child misbehaves
Father yells to child when child misbehaves

0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
0 if Never 1 otherwise (+)
1 Agree/Strongly Agree,
0 otherwise (+)
1 Agree/Strongly Agree,
0 otherwise (+)
1 Agree/Strongly Agree,
0 otherwise (+)
0if No 1 if Yes (-)
0 if No 1 if Yes (-)
0 if No 1 if Yes (-)
0if No 1 if Yes (-)
0if No 1 if Yes (-)
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Questions used for the second measure of father quality (continuation)

Question Transformation to 0-1

Questions asked when child is 2 years old

Think father must play with child 1 Agree/Strongly Agree,
0 otherwise (+)

Think father have long term effects on child 1 Agree/Strongly Agree,

0 otherwise (+)
Think providing is more important than emotional support 0 Agree/Strongly Agree,
1 otherwise (+)
Think fatherhood is rewarding 1 Agree/Strongly Agree,
0 otherwise (+)

Questions asked when child is 4 years old

Father spanks child when child misbehaves 0if No 1 if Yes (-)
Father hits back child when child hits her 0if No 1 if Yes (-)
Father ignores child when child hits her 0 if No 1 if Yes (-)
Father makes fun of child when child misbehaves 0 if No 1 if Yes (-)
Father yells to child when child misbehaves 0if No 1 if Yes (-)

(+) indicates a weight of +1 and (-) indicates a weight of -1

Table 22: Correlations between measures of parental care

corr(ﬂ)g_c/]m’],fz)g_c/]m’z) corr(logq " ,logq ")
0.15 0.15

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

)

1.3.3 Distribution of parental care quality

Given that we have two conditionally independent noisy measures of each parental care
quality and an instrument, the distribution of parental care quality is non-parametrically
identified by Kotlarski’s Theorem under mild technical assumptions. By the same token,
the same is also true for the conditional distribution of parental care quality conditional
on any observable covariate. However, given the available data a fully non-parametric
estimator of the joint distribution of parental care with other states is likely to be very
noisy, so I assume that the distribution of parental care quality j for j = m,f is given by:

logq' =log g +vjq,

where
log @"® =X; ;Bjq -
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Table 23: Estimates for measurement parameters of parental quality

Km,2  &f2 Hm,2 Ht,2
536 210 11.51 1791

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

with:

2
Vm | N 0ym Pv,m,fOv,mOv,f
2
i Pv,m,fOv,mOv f Oyt

And v; assumed to be independent of X;  for j = m, f. Note that we can write:

/_\_/j)] . 1
logq™ =Xj4Bjq+Vig+e,

2

Under the assumption that the measurement error ¢/ is independent of X; 4, we

32 5
can identify {3; 4 from the best linear predictor of l%qa% on X; 4 (the same applies to

T — .,] . . «1e
the best linear predictor of log qJ . Estimates of ;4 for j = m,f for two parent Families

. . . . 1 )) _ )12
and for j = m for Single Mothers obtained from a regression of =2—*— on X; 4 are

presented in Table 5 in the body of the text. The variance of v; 4 is identified from:

log qm‘z - Hm,z

),

Var(ving) = cov(ﬂ)gam)1 —Xin,qBmgs

Om,q
and the covariance of vy g, Vr,q is identified from:
logq L um,Z logq “ H'1‘,2
/ !
cov( ) ~ Xin,gBma» o2 —XrqPra) -

We can estimate O'i o Pv,m,f Dy substituting population objects by sample analogs in the

previous expressions. Results are shown in Table 4 in the body of the text.
To obtain estimates of the variance of skill shocks we need estimates of the variance
of the measurement error of the parental quality measures. To identify those, note that:

/\_/j)Z .
Var(logq’) = COV(IquTHJOg q]’]) , Var(e"') = Var(log qJ’]) —Var(logq’)

. /—\/.2 .
j,2 loed — w2
and Var(L) = Vm‘(ogq—PL

72 )—Var(logqj) .

(X] )2

Substituting these expressions by sample analogues yields the estimates in Table 24.
Table 24 also reports estimates of Signal-to-Noise ratios.

56



Table 24: Measurement error variances of parental quality measures and Signal-to-Noise Ratios

Var(e™") Var(%’é) Var(ehl) Var(%) sml gm2  ghl o f2
0.90 0.18 0.97 1.32 0.08 029 0.17 0.13

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

I.4 Cognitive skills of children
I.4.1 Identification of the measurement system of cognitive skills
Remember the measurement system for cognitive skills at time t:
l/(g_éi =g+ o logB+ep -
Because cognitive skills are latent, their scale and location are not identified. I normalize:
H]e,t =0and océ)t =1

for all t. I choose these "normalized" measures to be the mental scale score at t =1,2
and the math score at t = 3,4:

Identification of measurement parameters for skills is similar to identification of
measurement parameters for parenting quality. Hence, {océ)t}fc‘:] are identified from:

—2 —~—1
o3, = cov(logBy, Z:)/cov(log®,, 20),

where Z, is again an instrument. In order to avoid a weak-instrument problem, it makes

sense to let Z; be the same measure as l/(E_él in a period different from t. That is, I
choose Z; to be the mental scale score at time 2, I choose Z, to be the mental scale score
at time 1, Z3 to be the mathematics score at time 4. and Z,4 to be the math scale score
at time 3. Substituting the population covariances by its sample analogues yields the
following estimates for océ)t: Once the océ)t are identified for each t, we can compute the

Table 25: Estimates for the loading of the second measure of cognitive skills

2 2 2 2
X1 Xg2 g3 Xgg
0.78 0.74 0.88 0.95
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

variance of latent skill at each t from:
Var(log6) = cov(ﬂ)g_él,cov(ﬂ)?;_éf)/océ)t .

Estimates of the variance of log 6 can be found in Table 26. The variance of measure-
ment error for the first measure at each t can be computed as:

Var(eé,t) = Var(l/E)Eé:) —Var(log6;) =1—Var(log6,),
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where the second equality follows from the fact that f(%_él is standardized, and hence
has a variance of 1. Substituting these expressions by their sample analogues yields the
estimates in Table 27. Given estimates for the variance of the measurement error and
latent skills in each period, we can compute the signal-to-noise ratios for each age as:

O Var(log6;)
Y Var(log6y) +Var(eé‘t) '

Estimates of signal-to-noise ratios can be found in Table 27. These signal-to-noise ratios
are high, which speaks to the high quality of the ECLS-B data.

Table 26: Estimates for the Variance of log 6+

Var(log8;) Var(logB;) Var(log6s) Var(log6,)
0.91 0.64 0.89 0.85

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

Table 27: Estimates for the Variance of eé‘t and Signal-to-Noise ratios

Var(e‘e’l) \/ar(eé,z) Var(eéé) Var(egm) s? sg sg s?1
0.09 0.36 0.11 0.15 091 0.61 0.88 0.85

SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

I.4.2 Initial distribution of cognitive skills

In principle, it makes sense to allow initial skills to depend on family characteristics,

that is (a;,H). However, when I run a linear regression of E.Eé} on a; and H (using
instruments in order to correct for measurement error in initial assets and some compo-
nents of H), I get that no coefficient is statistically significant and all the p-values are
above 0.5. This is not because of skills being imprecisely measured, since the estimated
signal-to-noise ratio in the first wave is very high, and since I include birthweight in the
same regression and its estimated coefficient is statistically very significant. Note that
Moschini (2023) also finds that initial child skills are not very correlated with family
characteristics. Because of this, I assume that initial skills are independent of (a;,H) and
normally distributed. The only parameter of the distribution of skills to be estimated is
their variance (because the location is normalized to 0), which is estimated to be 0.87.

58



I.5 Skills” PF, Arnett location shifter, and relative care quality growth

Substituting the relationship between the predicted Arnett score and latent quality of
non-parental care in the production function for skills and re-arranging we get:

log0i+1 =log At +ve,log 0t +ymt—logq +th— logq +

_Ypit
Arnett T

Yr,t
Arn tt T

p
— 'Y t ¢ T
Amettt et Tt Amett_Yrt T Amett "

Arne’ctt + = = Mt41 -
tArnett T cxi—\rnett T

The presence of 1,1 does not cause an endogeneity issue here. The reason is that
because skills are log-additive in the value function (see Appendix B), all the household
decisions, and in particular childcare time and paid childcare quality, are independent
of n¢11. The previous equation cannot be used directly to identify parameters because
log6t,l0g 04 1,logq™,logq" are measured with error. However, we have at least two

noisy measures of each latent factor for each period. Given that o™¢" is identified,
logAy, v for j =0,m,f,p,r, and pu{™mett are identified from:*! 42
10 q ™ —am2 o oflopq T —uf2
(logem —log A+ +ve,110g O+ +vmt T 5 ) +v1,t%—g T
P T
Yot T Yrt Ypt Tt Arnett Yrt T Arnett
—Arnett; + ! A nett, — —= — = =0,
(X{\rnett T t (X{\rnett T t {\rnett T (XtArnett T )
with
~ 2 A —~—m1 T —~—f1 TP oo
Z=(1,log 0 ,%logq ,_tlogq , TArnettt, TATTL tt,, -t = Tt) :

The only non-standard part of this identification result is the fact that u™¢t is identified

jointly with the Production Function parameters and using only one measure of non-

parental care quality. Note that because u* and pf are normalized to 0, u{™¢*" measures

the extent to which the Arnett score overstates quality as compared to the measures

of parental care. To see why, suppose that o™ =1, v, = v, = 1 there is no

measurement error, and both the Arnett score and the measure of parental care are
standardized, so their mean is 0 by construction. Then

m,2 2

]E[logq(x%] — (E[Arnetty] —u") =E[logq '~ ]— (E[Arnetty] —p") =p"

Ellogq™] —E[logqi] =

Hence, allocating one hour of care from a mother of average quality to a relative of
Arnett

average quality is associated with a change in skills tomorrow of —= LS

Note that by the previous discussion, u{™¢t is related to the changes in skills
associated to changes in the time children spend in different types of care. Hence, if
one wants to analyze the effects on the skills of children of a policy that changes the

allocation of time to each childcare arrangement, it is important to estimate ppmett.

Arnett

41To be more precise, the only parameters whose identification requires knowledge of of are

Yp,trYr,t- H{ e is identified from dividing the coefficient of TTt by the coefficient of TT Arnett,

—~—ij,2 .
logq ™~ —w?
o2

—~§2
logq] — 2

. . Lo 17,1 -
o7 in estimation instead of logq"~ because has more variation.

#2] am using
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Setting uf™ett to some value as opposed to estimating it is equivalent to taking a stand
/'\_/f 1

on the relative quality of different childcare arrangements. Since log q ! and logq
are constructed using the same questions, so it makes sense to impose ym =v¢t . By
the same token, it makes sense to impose: yr: =vp: . The estimation equation then
simplifies to:

10gq —u Tt logq — K Ynonpar,t , T¥ ,—— p
T a2 + T af2 ) ofrnett (?Arnettt
t
it e™?  af ef?
T oM 2 T o> I

10get+1 —IOgAt +Yo tloge +Ypar, t(

T —— T Ynonpart Tt +Tt Arnett 1 1
+?Afnettt) oAThett T Hi tNt+1+€gt41 T Y0,t€0,t —VYpar,t

where e™! eht are measurement errors in maternal and paternal quality respectively.

The ECLS-B did not perform a direct observation of non-parental childcare in the
tirst wave, so the Arnett score for non-parental childcare is not available in that wave.
If the change in relative care quality between t =1 and t = 2 is the same across families,
we can write for families that use no paid care at t =1:

—~—1 —~—1 ’[‘{n l/(gam’z — umvz logq f,2 — ufyz Vnon'pa'r,] T‘; _— r
log6, =logA1 +ve,11086; +vpar, T Y + T v + JATmett ?Arnettz
2

m emZ Tﬁ €f’2

1 a=
T am2 T o2

r

7%&( A'r'r'uett+ Arnett q7T)
Arnett T 2 %2 91
o T

+n2+€h 2 +Y0,1€01 + Vpar, (= ).

Note that because p5™mett |

is identified, and using similar arguments to the ones before,
g{"" is identified. Moreover, note that despite the fact that we are conditioning on
TP = 0 there is no selection bias, because the only unobservables that show up in the
previous equation are measurement errors and the idiosyncratic skill shock, which
is independent of childcare decisions because of the log-additivity of skills on the
value function that was proven in Appendix B. Note that this wouldn’t be the case
if we let 1] > 0, because then we would have an unobservable factor problem, where

the unobservable production factor that would be given by the parental investment

composite ? log q¥ (if 7 = 0 that factor is 0).

Table 28: Estimates of Arnett measurement system additive shifter and the growth rate of relative care
quality betweent=1and t =2

9? " l/LZArnett ué\rnett
1.34 -0.43 -0.39

(12.61) (0.73)  (1.04)

NOTE: Bootstrap SE in parentheses.
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

We also need variance of 1. The estimation equation residual is:

T em2
T am2 | T «f2

T €2

).

. 1 1
residualy =n1 + €g 41+ Yo, 160t — Ypart( =
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Taking the expectation of the square of the estimation residual we get:
Elresidual;] = o2, + Var(e} 1) +v§, Var(eg )+
2 2 £\ 2 f,2
T e™ T eh
(F) () V““W))
Substituting the population objects in this expression by sample counterparts we get
the estimates in Table 29.

Var(

)+IE

2
gammay ., ¢ <1E

o2

Table 29: Estimates of the variance of the skill shocks in each period

2 2 2
05,2 03 On4

042 053 023
(0.06) (0.05) (0.09)

NOTE: Bootstrap SE in parentheses.
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

J Identification and estimation of private providers’ TFP

TFP in the production function of quality of childcare in Center-Based Providers and
Home-Based care providers can be identified from two sources. The first source of
identification comes from the fact that once the extent to which the standardized Arnett
score overstates or understates the quality of non-parental care (that is, u*R), and
once o is known, once can identify the TFP of quality production by comparing the
Arnett score observed in paid childcare providers and their inputs of production. More
formally, remember from sub-Appendix I.1.1 the following relation:

Arnett] = ppnett 4 gAmett <logAPB +1(Di = CB)(logAf® — logAFB> + (A inputs)

Arnett Arnett
op " InpComp, | + €} .

Because of'™¢ from Appendix 1.1.1 and pf™¢tt is identified from 1.5, log A} is identi-
tied from the constant of a regression of the Arnett score on the imput composite term
and a dummy for center-based care, and log AL is identified from the constant and the
coefficient of the dummy for center-based care in the same regression.

The other source of identification comes from comparing the quality of care pur-
chased by families and the price they pay for it. If families are paying lower prices for
higher quality, that is indicative of high efficiency in the production of quality. To be
more precise, note that in an interior solution for relative care and paid care, in which
the quality of paid care purchased is above the minimum level of quality at which
the mandatory minimum staff-to-child ratio binds we have the following relationship

between quality purchased and the quality of relative care available:
logq;y =1+ mlogq{ .
Yp,t

61



Note that log g} is observed because Arnett,, Arnetts are observed and pfmett, gAmett

for t =2,3 and g7 are identified. Moreover, the price of paid care paid by families is
observed up to classical measurement error:

lsi)t = P(th) + €]::tq .

From Lemma 1, we know that the price paid by families whose paid childcare providers’
staff-to-child ratios are above the mandated minimum ones is given by:

T—od : XE
C E 1—od wE
XE W c X W T »
P(qf,) = |wt —— +w — — —diy -
(ql,t) (1 . O(JEt WE> O(JEt WC Aql,t

)

The fact that ez’tq is classical and mean zero implies :

C oag wC 1ok T—ol wE )" C 1
]E[r)i,tlﬂ >BL,O<T{<TT]:]E WE( E ) +WC <E> q]:’t‘ﬁ >RL,O<T{<Tr X

o) wE ag w€
1 XE ¢ E

(A prices)

And note that everything but A is a parameter that was identified before or data
(given that q}, is known for each family that buys quality high enough with interior
relative care as argued before) Estimates for these TFP terms using price variation can
be obtained by replacing population expectations by sample expectations in equation A
prices. Estimates for the TFP terms using information in inputs and measured quality
can be obtained by estimating equation A inputs.

K Identification of preference parameters

Here I present identification proofs for (8%, 8,8, 85,{80 ¢+1}_1,84) and {Acp ¢, Aup 1 J5_;-
Before stating and proving the identification result, we should introduce some notation
and discuss some features of the data. Define the skill gain from reallocating 1 hour of
care from childcare arrangement j’ to childcare arrangement j as:

.. 1 . -/
A== (vjlogal —vylogal,) -
Because log ™ and log qf are measured with mean-independent error, 0-mean error, so
iS Aj)j/

Bt forj=m,fandj’ = m,f,r,p:

N ALV RS N (V. TSN 0
Agiy = é,i,t"’?%ﬂ%t =Agi e, forj=mfandj =np,

and
A SLREN S DS B DU TNy S L R APV o
Ay =Ay +TY]’t€ Ty]/,te =Agi T €y forj,j'’=m,fandj=j’,

and note that I am omitting the superindex denoting the measure of parental care
for convenience (for each measure of parental care the previous equations still holds).
Assets a; are imputed (see section E), so they are also measured with error, that is:

~ _ a
Cli’t = (li’t -+ ei,t .
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I assume that e, is independent of household’s choices and states®3.

ECLS-B asks the parent respondent for each age the child about the price of the
main non-parental childcare arrangement. I assume that the answer to this question is
a measurement error-ridden measure of the price of paid care, that is:

Py = PDit(qzt) + €Et /

where D; = CB,HB is the choice of paid care provider, q': ; is the quality of paid care
chosen by family i at age t, and e'; ; is measurement error in the price of paid care
reported by the family, which I assume has mean zero, and is mean independent of all
of the choices and states of the family.

~ LM m f . f ~ ~ D P
Cpt =wimiy+wing +aie(1+7) =it — Pty -
Hence, we can write the noisy measure of consumption as:
G: . — Cs Y h C_(] )a_a_PP
Cit =cit+e€iy, where ef = (1+T1)ef — € —Ti1€iy -
1

states of the household, so is €f,. The following proposition establishes sufficient data
requirements for the identification of (51,5, 85, {80 +111_;,04):

Because €4.,e? e?. are mean zero and mean independent of all the choices and
DSt St

Proposition 3. Suppose that the following conditional distributions are observed:
* The distribution of (Ei)t,w{, l{t) given n{t > 0 for j =,m,f for some t
e The distribution of (w{,l{t,AW, Pi ) given 0 < T, < T, TEt >0, and n{,t > 0 for some
j=m,f fort=2,3

* The distribution of 0., U Aje’Ti ¢ Siven 0 < T < T{ forj=m,fand for t=1,2,3

1,0 1,0
e The distribution (61’],61,3, 61)4)
Additionally, assume that the measurement error in assets and the price of care €&, and €} are
Y )

independent of all the choices and states, are independent of their own lags and leads, and e, is
independent of €}, for all t,t’. Moreover, suppose that the following conditions hold:

it/

. lE[éi,tln{)t > 0] # 0 for j = m,f for some t

e Em/U

T L ) - —
Qg0 <ty < Tyyth >0,y > 010 for j = m, f and for some t = 2,3
* [E[;Ci3] =0

Then (87,585,685 {80 1+11_;,84) are identified.

#3This is indeed an assumption because the imputation procedure only ensures that measurement
error in assets is uncorrelated with imputed assets. The results presented in this section go through under
mean independence, but identification of the initial distribution of states requires full independence.

63



Proof. Remember the asset-conditional Lagrangian of the two-parent household:

a_’c:l_}\BC:O
oc ¢
9L % am_
om |m
0L
anm:_}\m_F)\BCWm_FH;T:O
0L 5{ £
Rendl S\
otf 1f
0L
W:—?\fH\BCwMufl:0
0L om ym

e ST | ASC_Af=0
otf Tf+ T 084
oL v
3o = T108a" A i —w =0
oL yr
= 1 P__\SC_ BCPP P P_0
s = = log " — A —APCPT (") +
p P
ﬂzxyPT:l_y\Bcﬂ(qP)TP:o
aqp T qP dqp
and the FOC for continuation assets:
T 8aB
c

The proof uses these FOCs to identify the parameters of interest, given the appropriate
conditional distributions.

1. Identification of 5, 5{: Combining the FOCs for ¢, n™, and 1™ we get:

This implies the following relationship in terms of data and measurement error:

C:p = —wimm ¢
Cit = 6{11W1 ll,t + el,t

Taking expectations on both sides conditional on n{"} > 0 and re-arranging we get:

5 — EwMn{ > 0]

E[enf}, > 0]

We can similarly establish identification of §] using the distribution of (&, w{,1{ ).

2. Identification of (¢ 4,004): In an interior solution for relative care (0 < 1" < T)
the Lagrange multipliers on v > 0 and t} < T' are 0. Hence, from the FOC for t"
we get that, in an interior solution for relative care

_ B rt9+1 YT,t

y
log g logqi =AY .

T
=
T
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Combining this with the FOC for paid care 7P, the FOC for consumption, the
FOC for maternal labor supply, and the FOC for leisure, we get that in an interior
solution for paid care (so pf = 0) the following relationship has to hold:

Pi(qy)
0 pyr _ tiH¢
B Ay = 5{“me ,
where I'm using the definition of A} and the definition of ¥}, and I am omitting
the type of care superscript (D) for convenience. Re-arranging and re-writing in
terms of observables and measurement error:
5 B,

- p,r P
Pl,t = sm Ai,t + ei,t .
l

Taking conditional expectations and re-arranging we get:

~ =r
By EBPlo< T, < Ty, Thy > 0,nf} > 0]
m T =T .
o] EwMnAYI0 <), < Ti, 0, > 0,nf} > 0]

Because 8] is identified and B is known, I and I'? are identified from the distribu-

tion of (Wi T, AP, Pit) given 0 < T < T, 'cf,t >0, and ny >0 for t = 2,3. Since

Y = 894, it follows that 8¢ 4 is identified. Moreover, since 'Y = Byg 3TY + 503, B is

known, vy ; is identified (see Appendix 1.5) and I'Y, T'{ are identified, it follows that

5,3 is identified. A similar argument applies if the distribution of (wi,1f AP P, )
. T =T P f . )

given 0 < Ty < T, T > 0, and ni; > 0 is observed.

. Identification of 5™, 5f: From the FOCs for t™, 1", I™ we get that in an interior
solution for relative care the following condition needs to hold:

6][11 re Am,T_é{n
o TR Ae™ = 1o

and note that I am using the definition of ¥™ W™ and Aj>". Re-arranging and
re-writing in terms of observables and measurement error:

m m 0 0

O _ i Bl xmrom . BT M A0
§m Lttt
1

@ - ln}c 6{“ e,i,tTi,t +
1’7

Taking conditional expectations we get:

63rn ’T?}[ T F7 BrteJr] AM,T _m T Tr
@ = IE[F;IO <t <Til— 5 E[Ag i 0 <t < Tyl .
1,t

Since 8" and T, are identified for t = 2,3, 57" is identified from the distribution of
T I AN oiven 0 < T1, < Ty for t = 2,3. A similar argument shows identification

i, ", =0,1,t
f R TP fof AT o ro_ T _
of & from the distribution of TiolioAgh given0 <t <Ty for t =2,3.

. Identification of 5¢ : Note that once 57" is identified, the equation

621 T{n] T =T Brze AM,T M T T
o= IE[F}_K) <t <Tl— 6_mIE[A9,{,1Ti,1 0<Ti) <Til.
1 i, 1

can be used to identify I'Y. Using the expression for I') and the fact that p is treated
as known, yg ; is identified, and F_? is identified, we can recover &g >
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5. Identification of 8,: From the first order conditions for a4 we get:

1 Bda

C as

Re-arranging and re-writing in terms of observables and measurement error:
Gi4 = PdaCi3+ €y — POakf
i4 ati3 T Ei4 ati3 -

From the expression for the measurement error in consumption and the assump-
tion that measurement error in assets and childcare prices is independent across
periods we get that the following conditional moment restriction has to hold:

E[¢;1(dis — BOaCi3)] =0.

This conditional moment restriction identifies 30 if IE[E; 1E; 3] # 0, which holds by
assumption. Because p is known, 8 is identified.

]

Some comments are in order. First, the identification result only requires observ-
ing wages for parents that are working. Hence, imputing wages for some parents is
immaterial for identification of preference parameters discussed so far. Second, data re-
quirements in Proposition 3 are sufficient but not necessary. One can combine optimality
conditions in a different way and arrive at a different set of sufficient data requirements.
In fact, (8], 8f,6m, 65, {80 1+113_;,84) are overidentified. Third, the assumptions:

E[;n], > 0] =0, Ewll] AR

. . o
WAL l0 <ty < Tiytf > 0,m) > 01 #0,E[Si18,3] 20,

are testable. Moreover, the assumptions

o y _, .
IE[ci,tani,t >0] = O,IE[inlJi)tAg,iytIO <t < Ti,TEt > O,nJi)t >01#0,

are always true under the assumption of the model. Under the assumptions of the
model, 0 consumption is never optimal provided wages and/or assets are positive (due
to the Inada condition). For the same reason, 0 leisure is never optimal. Finally, wages
are assumed to be positive and Ag”;t is positive because if there is relative care available
it is not optimal for families to pay for a childcare arrangement of inferior quality (see
First Order Conditions of the asset-conditional problem).

The next proposition provides sufficient conditions for the identification of the paid
care utility cost distribution parameters {A{®, A8} _,. The proposition is written for
two-parent families. For single-mother households is similar and is omitted here.

Proposition 4. Suppose that {IP(Dy = HB),IP(D = CB)}f:1 are observed.
Moreover, suppose that the following sets have strictly positive measure

{a,H: VP (ay, H) > VN (ay,H)} for D= CB,HB and t=1,2,3
Then {ACB,ABY_ are identified.
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Proof. First, it is useful to establish that conditional choice probabilities (that is, the
probability of using each type of care at t conditional on the state at t being a;,H) for
each type of care are decreasing on the average of their own cost (1/A) and increasing
on the average utility cost of the other type of childcare. Taking partial derivatives of
the conditional choice probabilities (see expression for conditional choice probabilities
in ??) we get that if VIB(a;,H) > V¢B(a(, H)

a]P(D =N |at) H) — _(VHB - VN )e—ACB(VCB—VN)e—}\HB(\N/HB—VN) < O
OAHB s

aIP(D - N|at) H) — _(VCB - \7N )ef}\CB(VCB*VN)ef?\HB(VHB*VN] < O
OACB =

with strict inequality if V}8(ay, H),VEB(at, H) > VN(at,H). Also, note that the second
inequality follows because by the definition of V{£®(at, H), VB (at, H):

VtCB(anH) >Vl\’(at,H) , VtHB(at»H) > Vl“(at,H) .

Taking partial derivatives to the rest of conditional choice probabilities we get:

>0

OP(D =HBla, H) _  ayyp (VHE-9N) acp (VEB-TN) [(VHE N Ace (VB _YN)]
OAHB
ACB Ay (VHB_VCB) —(Acp+Anp)(VEB_VN)\ 17HB _ \/CB 1
b oAmB 1 — e~ (AcB+AnB (VB _yCBy L~ >0
AcB + AHB ( ) ) ]

again with strict inequality if VB (a,H) > VN (a, H).

oP(D = HBJat, H) _ AHB (VCB _yN )e—AHB(VHB—VN)—ACB(VCB—VN]
OAcB Anp +AcB
AHB “Apyp (VHB_VCB) (At o CB_{/HB
e MHB 1 — e~ (AcB+AuB)(V-2-VT2) <0
(AcB +AnB)? ( )

where the last inequality follows from the convexity of e~

VEB_VN)x

Moreover:

OP(D =CBlat,H)  9P(D=HBlay,H) P(D =Nla;,w™,q™,q",T) -
OACE - OACE OACE -

and

OP(D = CBlay,H) ~ dP(D =HBla,H) P(D =Nla;,w™,q™,q",T)

a}\HB N a7\HB a)\HB
o Mp (VHEUN) Acp(VEBYN) _ AcB  veB N
AHB +AcB
ACB Ay (VHB_VCB) —(Acp4rnp) (VEB_YN) ~HB  /CB
_ NGB 1 — e~ (en+hus 14 (VHB _VCB)) <0
SV - ( )( )

where the last inequality follows from the convexity of e (VEEVI)x
Simmilarly, if VEB > VHB VCB ig strictly increasing in A“P and weakly decreasing in AHE.

67



When taking derivatives, I am leaving the dependence of VP on a,H implicit to
avoid clutter of notation. This establishes that IP(D¢ = D|ay, H) is weakly increasing in AP
and weakly decreasing in AP’. Moreover, monotonicity is strict if V<8 (a, H), VB (ay, H) >
VN(at,H). The rest of the proof proceeds by backward induction.

* Last period (t = 3): Unconditional choice probabilities can be written as:

P(D; = CB) :J P(D; = CBlag, H)dG3 (a3, H) i= n$B(AE, AME) |

613,H

P(D3 = HB) :J IP(D3 = HB|ay, H)dG3 (a3, H) .=, B(A1B ACB)

0.3,H

P(D; = N) :j P(D; = Njag, H)dGs(as, H) = ) (A1B,ACPY
(13,H

where we have data in the LHS and known functions of A{B AlB in the RHS.
Moreover, 7 (A\°B, AHB) is strictly increasing in AP and weakly decreasing in AP’
for D,D’ = CB,HB,D’ = D, because P(D; = D|at,H) is weakly increasing in AP
(strictly if VP > VN), weakly decreasing in AP’, and the following set has positive
measure. By a similar token 7 (A“B,A\"B) is strictly decreasing in both arguments.

{ag, H: V¥ (ag, H) > VN (ag, H)} for D=CB,HB and t =1,2,3
The fact that the RHS is a known function of A{8 ALE follows from the fact that:

— VP can be computed for D = N, CB,HB because:
+ B is treated as known and (81,6, 65,{8¢ +11)3_;,84) are identified from
Proposition 3
+ Price schedules Pf(q) can be computed from the observed factor prices

B wC, the observed staff-to-child ratios, and the technology parameters,
which are identified from Appendices J, H.

w

— Gt(at,H) is identified (see discussion Section 5.3

A simple contradiction argument establishes that A$B, Al are identified from
IP(P; = CB),IP(P; = HB). Suppose that is not the case. Then, there exist two
different pairs (A{8,AlB) and (A$B,AlB) that generate the same unconditional
choice probabilities. Without loss of generality, assume AS® > A$B. Because n$P is
strictly increasing in A$®, it must be the case that:

RHB < AKE
otherwise we would have
CB/+CB yHB CB/5CB 5HB
50 (A37,A37) > T30 (A37,A57)

which is an immediate contradiction. However, because 7 (A{B,AlB) is strictly
increasing decreasing in (A, AlB) we must have

ANASEALE) > Y (ASE AL,
which is a contradiction. Similar arguments apply if we start by assuming A$? <
A, AHB < AHB or ASE > A$B. This establishes that (A$B,ALB) are identified.
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¢ Induction step: We want to show that if ACE, AlE,, then AFB AIB are identified.

Again, the unconditional choice probabilities can be written as:

IP(Dy = CB) =J P(D¢ = CBlat, H)dGy(at, H) := B (ACB AHE)
at,H

P(D¢ =HB) = J IP(D¢ = HBJay, H)dGy(ag, H) == P (AP ACP)
at,H

where we have data in the LHS and known functions of AS8 A8 in the RHS. The

fact that the RHS is a known function of A8 AMB follows from the fact that:

— V! can be computed for D = N, CB, HB because:

+ B is treated as known and (81,6, 65,{8¢ +11)3_;,84) are identified from
Proposition 3

+ Price schedules P (q) can be computed from the observed factor prices

wE wC, the observed staff-to-child ratios, and the technology parameters,

which are identified from Appendices J, H.

CB \HB :
Aci Ay are known, which matters for
HB
Cirr)

+ From the Induction Hypothesis:
the computation of EVii1(ags1, H, ctcﬁ ,

- Gt(at, H) is identified (see discussion Section 5.3)
The contradiction argument goes exactly as before. This establishes the result.
O
Some comments are again in order. First, the condition
{ag, H: VP (ay, H) > VN (ay,H)} for D=CB,HBand t =1,2,3,

is testable. That is because if we observe some families using Center-Based care, and
some other families using Home-Based care at each age, it must be true that the no-zero
measure condition above is satisfied.

Second, the identification result assumes that unconditional choice probabilities are
observed at each age, not conditional choice probabilities. I write the identification
result in terms of unconditional choice probabilities for practical reasons. In principle,
one could target IP(D = DJ|a, H) in estimation, but (at,H) is very high-dimensional,
measured with error, and its distribution is endogenous and of unknown functional
form for t = 2,3, which complicates using IP(D = DJat, H) in estimation.

L Estimation of Preference Parameters

I estimate preference parameters in three steps. In the first step, I estimate
( P)éﬂé?)éi){éﬂ,t—l—]ﬁz]) .

I translate the joint-restrictions on conditional moments and parameters used in the
proof of Proposition 3 into a Minimum-Distance estimator.
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More precisely, 9 := (8%, 65,81, 51, {80 +}{_,) solves this minimization problem:
9 = argmin(9,7n) Wb (9, mn)

where ¥(0, 7y ) contains the joint restrictions on parameters and observables from Propo-
sition 3 and W,, is a diagonal matrix that is not a function of data. In the second step I
estimate 6, by running a 2SLS regression of d4 on ¢3 using ¢ as an instrument. Note
that this estimator is the sample analogue of the expression that characterizes 9, in the
proof of Proposition 3. In the third step, I estimate the parameters of the distribution of
fixed utility costs of paid care {A\*B AP} using indirect inference. From proposition 4
we know that {ACB AHB} are identified from unconditional choice probabilities. There-
fore, the unconditional choice probabilities {{I’(D = D)}D:;\,)CB,HB}%:1 are the first set of
targets that I use in the Indirect Inference step. Because I want to match both the choice
probabilities of two-parent families and single-mother households, I estimate {ACB AHE}
separately for two-parent families and Single Mothers.

From 4 it should be noted that identifying {AF8 Al'B} from unconditional choice
probabilities requires knowing the joint distribution G¢(a,H) for each t. While this
object is non-parametrically identified, an estimation procedure that leverages this fact
is likely to be very data-intensive given the dimensionality of (ai,H) and the fact that
a; and some elements of H are measured with error. I deal with this issue by targeting
statistics of the endogenous joint distribution of a; and H for t = 2,3. By doing that, I
reduce the risk that the Indirect Inference estimator yields an estimate of {AF8 AHE} |
consistent with the wrong distribution of (a,H) 4 The statistics that I target to deal
with this issue are average assets at each age, the variance of assets at each age, and
the correlation of assets with (w™ wf {logq"}_,,T', f_og—(im’z, f_og_cif’z) in the case of two-
parent families and (w™,{logq"}_,, T , lfogam’z) in the case of Single Mothers. Moreover,
I also target the amount of bunching around the mandatory minimum staff-to-child
ratio at each age in Center-Based providers for two-parent families, and the average
hours of paid care at each age for two-parent families. These statistics are important.
Bunching is defined as:

Bunching(CBy) = P(R{} — T So REP + %mt =CB).
< is reported by the parents in the data, and is calculated in model simulations given
quality decisions and the observed factor prices according to Lemma 2.

Bunching around the ratio is informative of the fraction of children directly affected
by changes in the mandatory minimum staff-to-child ratio, and also of the labor demand
response to changes in mandatory minimum ratios. Moreover, the average hours of
paid care is informative of the importance of the childcare market at each age. In order
to target these statistics, I update the estimates of 5911 for t =1,2,3 by re-estimating
them in the indirect inference procedure. To make sure that all of the parameters that I

#“Note that the identification proof uses the true G¢(a,H) which is non-parametrically identified.
However, the proof does not prevent the existence of different (AlCBI, AHB }311 rationalizing the observed
choice probabilities for different G¢() for t =2,3
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am estimating by Indirect Inference ({(AF8,AHB 89 1 1}_,) are identified, I include

m
i8]] —1’1|O<Tlt<T] IE[AMT”|0<T”<T]

m
l’lt
f

I]AE[T—}EIO <1, <Til, and BIAR, tf J0 < 1], < T]
it

as targets (note that these identify {5g 111 }f:1 given that 8, 57 were estimated in the first
step). Note that A vary across household structures, but not other preference parameters.
In principle, single mothers could have different preferences from two-parent families,
but allowing for total flexibility in those parameters is likely to be inefficient given the
small sample size for single mothers.

Below I detail the Indirect Inference procedure for two-parent families. The algo-
rithm for single-mothers is similar:

1. Read off the data assets, wages, the endowment of relative care, and quality of
relative care, and the observable part of parenting quality, that is:

(a1, w™w T logq",log q™¢,logq") .

See Appendix E for the imputation of assets, D for the imputation of parental
wages, G for the estimation of the relative care endowment for each family, and
1.3 for the construction of the observable part of parental care.

2. Simulate (v ],v ) from its estimated distribution many times (j =1,...]) for each

family i and construct log q{7; and log qm according to:
log qj =log ™ +v{j, logqi; =logqi* +vi;
The resulting simulated dataset:
{{(1] iy Wi anTwlquwlOgql))long ]}] =17
is an approximation to Gi(a,H).

3. Build pricing schedules for each family i from information on the state the family
lives in, the observed factor prices in that state wt,w® (remember wt is simply
the average lead-teacher premium in that state), and the observed regulations in
that state.

4. Given 9 ={ALB AMB 85,113, solve and simulate choices for each family, aggre-
gate them, and compute the desired statistics.

5. Compute that weighted square distance:
WIFTP (917 ) W F TP (9IF)

where W is a diagonal matrix and {!HTP(91F) is the difference between the simu-
lated and the observed targets.

Estimates and fit are shown in the body of the text.
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M Identification and estimation of labor supplies

Taking logs in the labor supply equations we get:

logLT, =log LT +nrlog(wi') + ‘ilL,I ’

log CCW, =log CCW+nCCW10g(w1CCW) + iffw .

A linear regression is not enough to identify nit, nccw due to the familiar simultaneity
bias (unobservable supply shifters move the labor supply equation, which affects the
observed equilibrium wage, which makes wages mechanically correlated with the
unobservable supply shifter). Hence, we need an instrument. The instrument that I
use here is fertility lagged two years. Lagged fertility should be a relevant instrument
to the extent that the number of children born two years ago increases the demand
for childcare services. Moreover, if fertility causes teachers to leave the labor force,
contemporanous fertility should be endogenous. To the extent that teachers join
the labor force again sufficiently fast, lagged fertility shouldn’t be endogenous. The
estimation equations are given by:

LTl’t = 1T LT / LT
log <Employmentl, t) =logLT+nirlogwyg +XBrr+ &y,

CCWit
Employment, ,

log< ) = logWV—i—nchlogwEfW+X{,tﬁccw—|— iEtCW .

I am dividing the number of Lead Teachers (Childcare workers) in state 1 at time t by
total employment, and that the intercepts of these two equations do not depend on 1.
Hence, I am only allowing the dependence of ﬁl,t and CCWy; on 1 to happen through
the size of the labor force in state | at time t and X; ;. Because current fertility can affect
labor supply and is correlated with lagged fertility, I include contemporaneous and
lagged one period fertility in X; ;. See body of the paper for estimates of elasticities.

In order to solve the model and perform counterfactuals it is not the shifter of the
extensive margin of labor supply for Lead Teachers and childcare workers that matters,
but rather the products LTH 1 and CCWHccw, that is, the shifters of factor supplies.
Note that in equilibrium the supply and demand of factors need to equalize, that is:

EP (wE w®) = LT(wE 4+ w&)ner exp‘ilL»I ,
and
CP(WE,w®) = LTH (W +w&)nr exp‘(*lL»I +CCW(w®)ncew exp‘ilc,tcw
Using the previous equation this simplifies to:

CP(wE, w8 —EP(wE, wb) = CCWHew (w&)neew exp‘ilcytCW
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Now, note that given that household-side and childcare-provider side parameters are

identified, factor demands at the observed prices can be calculated using the algorithm

in the Computational Appendix. Taking logs, expectations, and noting that £f, &Y

have zero mean:

log (Hi7LT) = Ellog EP (W, w®)] —nirE[log(wF +w©)] .

log <ﬁCCWCCW> =E [log (ED (wE,wt)— P (WE,WC)):| —nCCWIE[logWC] .
Substituting population objects by sample analogs we get the estimates*” in Table 30.

Table 30: Estimates of factor supply shifters

ﬁ]_Tﬁ ﬁccwCCW
34.93 33.89
0.61)  (0.51)

NOTE: In order to estimate Hccw CCW, observations for which C(w®,w€) < E(wE,wC) at the observed
factor prices are excluded. Standard Errors (in parenthesis) are calculated using an analytic formula
NOTE:"SOURCE" below refers to the source of the micro-data used to calculate model-implied factor
demands at the observed wages. In particular, the initial distribution of states comes from "SOURCE".
SOURCE: U.S. Department of Education, National Center for Education Statistics, Early Childhood
Longitudinal Study, Birth Cohort (ECLS-B) of children born in the calendar year 2001.

45In order to estimate the shifters of factor supplies, one could in principle use estimates for the
shifters of the extensive margin of labor supply of Lead Teachers and Childcare workers and combine it
with evidence on hours worked by Lead Teachers and Childcare workers. However, there is no guarantee
that once the model is solved using those shifters, the wages of childcare workers and lead teachers
produced by the model are going to be close to those in the data.
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