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Abstract

Mandatory minimum staff-to-child ratios are a pervasive childcare market regula-
tion in the US, and 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 mandatory
minimum staff-to-child 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
simulations show that increasing the stringency of minimum mandatory staff-to-
child 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 for each
percentile of the skill distribution, except for the lowest percentiles. The effects on
the skill distribution are more pronounced for children born to single mothers than
those born to two-parent families. Finally, these overall effects on the skill distribu-
tion 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.
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1 Introduction

Individuals’ skills are particularly malleable during early childhood and shape out-
comes later in life (Cunha and Heckman (2007), Cunha, Heckman and Schennach
(2010)). Moreover, returns to early childhood investment are very high (Heckman,
Garcia, Leaf and Prados (2017)). An important fraction of early childhood investment
is provided outside of the family, by market-based providers and public providers, and
these providers are subject to regulations that vary by state. In this paper, I study how
regulations in the childcare market affect the skills of children in different family types
through the type and quality of environments that those children grow up in.

The regulations I focus on are mandatory minimum staff-to-child ratios, which are
state-level regulations that determine the maximum number of children allowed per
adult in the classroom. Mandatory staff-to-child ratios vary substantially by state: For
example, at 35 months old, the mandatory minimum staff-to-child ratio ranges from 1
adult per 4 children in Connecticut to 1 adult per 12 children in Mississippi.

This large variation in the minimum staffing requirements faced by childcare
providers across states is likely to have an impact on the cost and quality of child-
care provided in the market. This, in turn, can affect children born to various types of
households differently. In fact, using a difference-in-difference strategy, Hotz and Xiao
(2011) find that more stringent mandatory minimum staff-to-child ratios decrease the
provision of childcare, especially for low-income markets, but that they also increase
the quality of childcare provided. !

Despite the evidence showing that mandatory minimum staff-to-child ratios have an
impact on the market provision of childcare, their implications for the skill distribution
of children are not well understood. On the one hand, their positive effect on the quality
of childcare provided should translate into a positive effect in the skills of children.
On the other hand, their negative impact on the quantity of childcare demanded can
translate into a negative effect on the skills of children if families substitute market-
provided childcare with options of inferior quality. Moreover, the extent to which either
effect dominates may depend on family characteristics. For instance, some families
may be intrinsically less prone to substitute away from market-provided care, maybe
because they have less relative care available, or because their economic resources make
it too costly for parents in those families to work less and look after their child. Children
born to those families are likely to experience the positive effects of the increase in
quality caused by regulations and are less likely to experience the negative effect due to
the substitution of care in favor of childcare arrangements of inferior quality. Instead,
children who spend fewer hours in market-provided childcare as a consequence of the
regulation may experience skill losses if the alternative childcare arrangements are of
inferior quality. Finally, since regulations affect the demand for quantity and quality
of childcare, they can also affect the demand for inputs in childcare production, in
particular the demand for teachers and other staff members. This may translate into
an equilibrium effect on the wages of teachers and childcare workers, which in turn

!Appendix A shows that these relationships hold qualitatively in ECLS-B data and my model under
the estimated parameters



can amplify or attenuate the partial equilibrium effects of regulations (holding wages
of teachers and childcare workers constant) on the demand for childcare quantity and
quality for different family types.

In order to study the impact of mandatory minimum staff-to-child ratios, I build an
equilibrium model of the US childcare market in which heterogeneous families make
decisions about how much time their child spends in each type of childcare arrange-
ment (maternal, paternal, relative, or paid childcare), the quality of paid childcare that
they buy, and the type of paid childcare provider (center-based or home-based). Paid
childcare is provided by center-based and home-based care providers, who face differ-
ent regulations for each age, and take wages of lead teachers and childcare workers as
given. The wages of Lead Teachers and Childcare Workers equate demand and supply
in their respective labor markets.

As shown by Flood, McMurry, Sojourner and Wiswall (2021), the quality of parental
and relative care available to families of different socieconomic status is very unequal.
Capturing this heterogeneity is crucial because the quality of non-market childcare
arrangements available to families mediates the impact on skills of policies that induce
reallocation from paid childcare to unpaid childcare. Moreover, the extent to which
families can substitute paid for unpaid childcare services depends on the availability of
free relative care and the opportunity cost of maternal and paternal care. Because of
this, I let families in my model be heterogeneous in the quality of maternal, paternal,
and relative care, the availability of relative care, the wages of mothers and fathers, and
their initial level of assets.

The model that I build in this paper has several features that make it an attractive
tool to analyze childcare market policies. First, it allows for rich heterogeneity. On
the demand side, families are heterogeneous in terms of family structure, wages, as-
sets, parenting quality, relative care quality, and relative care availability, all of which
are relevant for understanding the impact of policies that induce reallocation across
childcare arrangements. On the supply side, the model features an endogenous dis-
tribution of quality supplied by center-based and home-based care providers and an
endogenous price-quality schedule that is affected by regulations. Moreover, childcare
market policies can also affect the price of childcare by affecting the wages of teachers,
which are also endogenous. Second, I prove that the model is identified from a combi-
nation of individual-level and state-level data. The identification proof translates into
a multi-step estimation procedure that makes estimation feasible. Third, I develop a
computational strategy that makes solving the model under different policy scenarios
feasible.

I use the model to simulate the effects of changing the stringency of mandatory
minimum staff-to-child ratios on the wages of lead teachers and childcare workers and
the distribution of cognitive skills of children. I find that more stringent regulations
increase the wages of lead teachers by up to 2.75 % and childcare workers by up to
4.33%. Moreover, this policy increases skills at most percentiles of the skill distribution
for both children born to two-parent households and One-Parent Households, and the
magnitude of the increase is much larger for children born to one-parent households.
The overall effects on the distribution of skills hide very large heterogeneity. For
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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 see their skills
decrease by 5% of a standard deviation. The children who gain and lose the most are
different on some key characteristics. For instance, the children who gain the most
are born to poor families with little access to care provided by relatives, whereas the
children who lose the most are born to families with low quality of informal childcare
arrangements.

The model in this paper is not designed to make normative statements about the
skill distribution (i.e., what the skill distribution should be). This could be seen as
a potential limitation of this paper, but it is a deliberate choice. This is because the
only reason why the level of investment chosen by parents could be different from
the social optimum is due to borrowing constraints.> However, the model doesn’t
allow for externalities, which are another potentially important reason for parental
investment being socially sub-optimal. Potentially important externalities associated
to skills are crime and innovation. For instance, Cunha, Heckman and Schennach
(2010) show that low cognitive and non-cognitive skills are associated to crime, whereas
Bell, Chetty, Jaravel, Petkova and Van Reenen (2019) show that cognitive skills are
associated with innovation and becoming an inventor. Because of this, including all the
sources of underinvestment that would make the model a suitable normative theory of
the skill distribution, while retaining all the elements that make it a suitable positive
theory of the skill distribution, is likely not to be tractable. In fact, including other
sources of missing markets or the externalities discussed above involves modelling the
continuation problem of the child when she becomes an adult, something outside the
scope of this paper. Still, the model is well suited to analyze policies given a policy
target for the skill distribution at kindergarten entry.

This paper makes several contributions. First, it contributes a quantitative equilib-
rium model of the US childcare market that is point-identified and computationally
tractable. The model is designed to predict for each state in the US the effect of childcare
market policies on family decisions (such as childcare decisions and labor supply deci-
sions), the skill distribution of children, the wages of teachers, the distribution of quality
of childcare demanded at each age and the cost of childcare. Second, I use this model
to study the effects of an important childcare market regulation, mandatory minimum
staff-to-child ratios, on the distribution of children’s skills. In doing so, I uncover that
this regulation has very heterogeneous impacts on the skills of children, and that the
children who gain and the children who lose differ on some key family characteristics.
Third, I prove that the average quality of different childcare arrangements is identified,
even when the quality of different childcare arrangements is measured using different
survey instruments. This is key when trying to predict the effect of childcare market

2Borrowing constraints are not the only possible source of market incompleteness in models of early
childhood investment. For instance, parents’ inability to borrow against their child’s future income
or their inability to write investment contracts with their child are other common sources of market
incompleteness. See Daruich (2018) for a more exhaustive explanation on the problem of missing markets
in models with investment in children.



policies that reallocate childcare across different types of childcare arrangements on the
skill distribution of children.

2 Related Literature

This paper relates to four strands of literature. First, the important seminal literature
that shows that early childhood interventions are a very powerful tool to improve
economic mobility and individual outcomes. In this literature, the efficacy of early
childhood investment in producing skills and improving adult outcomes is established
in two ways. The first way is to study directly the effects of early childhood programs?.
The second way is to estimate the deep parameters of the production function of
skills and their relation to adult outcomes*. Some recent papers in this latter category
dissagregate investment in children to take into account the quality and quantity of
different childcare arrangements (see Griffen (2019); Chaparro, Sojourner and Wiswall
(2020); McMurry (2021)). I adopt this approach and contribute to it by showing that
the relative qualities of different types of childcare arrangements are identified even if
different survey instruments are used to measure their qualities. That is, the quality of
different childcare arrangements can be compared even if they are not measured in the
same units.

Second, 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 .°

Third, this paper relates the most to a flourishing literature that uses equilibrium
models of the childcare market for policy analysis. This paper contributes to this
literature by combining a detailed model of the childcare sector with center-based
and home-based providers, in which the cost of providing quality is endogenous to
the labor market for teachers and the effects on the skills of children can be analyzed
by taking into account the reallocation of care across childcare arrangements and
the quality and availability of those childcare arrangements. In addition, this model
adds heterogeneity to the quality of parental and relative care, endogenous asset
accumulation, and accounts for the way the mandatory minimum staff-to-child ratio

3See for example Campbell, Conti, Heckman, Moon, Pinto, Pungello and Pan (2014); Elango, Garcia,
Heckman and Hojman (2015); Heckman, Garcia, Leaf and Prados (2017); Garcifa, Heckman and Ronda
(2021)

4See Todd and Wolpin (2003); Cunha, Heckman, Lochner and Masterov (2006); Cunha and Heckman
(2007); Todd and Wolpin (2007); Cunha and Heckman (2008); Cunha, Heckman and Schennach (2010);
Agostinelli and Wiswall (2016a,b); Attanasio, Meghir and Nix (2020); Attanasio, Cattan, Fitzsimons,
Meghir and Rubio-Codina (2020); Attanasio, Bernal, Giannola and Nores (2020)

SFor transfer programs see Bernal and Keane (2010, 2011); Dahl and Lochner (2012); Mullins (2022),
for parent interventions see Sylvia, Warrinnier, Luo, Yue, Attanasio, Medina and Rozelle (2021); Gertler,
Heckman, Pinto, Chang, Grantham-McGregor, Vermeersch, Walker and Wright (2021); Gomez, Bernal
and Baker-Henningham (2022), and for the introduction, expansion, or universalization of early child-
hood programs see Heckman, Garcia, Leaf and Prados (2017); Daruich (2018); Chaparro, Sojourner and
Wiswall (2020); Cascio (2023)



enters the quality-production process in paid care providers. Within 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, Ferreyra, Flabbi and Martin (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, Brown, Davis, Gibbs, Herbst, Sojourner, Tekin and Wiswall
(2022) examine the counterfactual impacts of adopting an important childcare market
proposal. In order to do so, they build a model that endogenizes the cost of providing
childcare via the labor market for teachers (so that increases in demand for childcare
can increase the unit cost of childcare by raising teachers” wages). Relative to their
papert, I include skill accumulation. Moreover, relative to both Berlinski, Ferreyra,
Flabbi and Martin (2020) and Borowsky, Brown, Davis, Gibbs, Herbst, Sojourner, Tekin
and Wiswall (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®.

Fourth, this paper also relates to the empirical literature on the effects of childcare
market regulations, which use a reduced-form approach to identify the effects of
childcare regulations on the provision of quantity and quality of childcare’. To the best
of my knowledge, this paper is the first to study the effect of childcare regulations on
the distribution of children’s skills, and in estimating a structural model of childcare
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 old and 4 years old. I choose to 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;.1.

Two-parent families also make decisions about how parents spend their time: How
much leisure the mother (m) and the father (f) enjoy (I, 1f), how much time each of

6 Another equilibrium model of the childcare market that deserves a special mention is Bodéré (2023),
who models dynamic imperfect competition in a local childcare market.

7See Chipty (1995); Chipty and Witte (1997); Blau (2003); Currie and Hotz (2004); Blau (2007); Hotz
and Xiao (2011); Ali, Herbst and Makridis (2024)



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 (t}),
whether to use Center-Based paid care (D; = CB), Home-Based care (D = HB), or no
paid care at all (D¢ = HB), 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 (1{"), time of the mother with her child ("), and the skills of the child
according to:

logcy + 8" log I + 87 log Ti"* + 8¢ + log O .

Two-parent households at t = 1,2,3 derive utility from consumption (c()®, leisure of
the mother (L), leisure of the father (1f), time of the mother with her child ("), time of
the father with the child (tf), and skills of the child 6; according to:

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

with 8g1 = 0. Note that 3¢ ; = 0 is a normalization, in the sense that in this model 6; is
given and I have no data on pre-natal investment behavior that could be informative
about 59)] .

The continuation utility at period 4 is given by:

dalogas+dglogBy .

Note that I impose common parameters to be the same across family types. In other
words, [ am imposing that 8™, 8™,{8g (1}3_;,04 to take the same numerical value for
Two-Parent families and single-mother households

3.1.3 Time use constraints

As total time use for each family member cannot exceed total available time, the time
use constraint for parent j is:
Vid+ni=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.

8Note that I am not dividing ¢ by an equivalence scale to capture economies of scale. This is because
families do not change size in the model and the equivalence scale would appear as an additive constant
in utility that does not affect behaviour.



Moreover, the child has to be supervised at every point in time:
Tt T 4P =T, (SC)

where 1" and 1P denote relative and professional care respectively.
For single parent-households, t' is equal to 0. That is, in families with a single
mother the supervision constraint for the child reduces to:

T+ =T,

3.1.4 Supply of relative care

Relative care is free but limited to T', that is:
Tel0,T]. (RCC)

=T . o1
where T is heterogeneous across families.

3.1.5 Production of cognitive skills

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

m
log011 =log At +vot1080: +Vm,t % logq™+

T ¢ TP b T ' :
Vi 1084  Hypelogar +yrezlogditnea (PF Skills)

with n, iid accross periods and where q™, qf, q%,q} denote the qualities of maternal,
paternal, relative, and paid care respectively. I assume that the quality 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 comparative advantage or disadvantage of relatives
at producing cognitive skills with respect to parents can depend on the age of the child.
Importantly, this comparative advantage or disadvantage with respect to parents is
identified (see Appendix K.5). Note 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 °. 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.

°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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For households with a single mother ' = 0, the production function for skills
reduces to:

gl TP T
log 6.1 =log A+ vo+logy +vm,t% logq™ + yp,t? log qP +vr,t? log qi +1i41 -

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

3.1.6 Budget constraint

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

ct+1{D = HB)DIB(qP)tP+1{D = CBID B (¢P) P + arrs = winf+w™+a(1471) . (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 n{ =0.

3.1.7 Borrowing constraint

I assume that assets have to exceed a, which is a parameter:
A+ } a. (AC)

In other words, there are constraints to borrowing, which are important because
they could be a source of underinvestment in children cognitive skills, specially in
lower income families.

3.1.8 Fixed cost of choosing paid care

Families are ex-post heterogeneous in their fixed costs of choosing Home-Based and
Center-Based care (0C%,o!'B). The cost of is independent of of’, and o,0b’ for t = t'
and D = D/, D,D’ = CB,HB, and independent across families. The random utility cost
o! is assumed to be exponentially distributed with parameter AP.

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 I). 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.



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,
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) qf){ql}%:] )Tr) .

3.3 Recursive formulation

Here I present the problem of the two-parent Household in recursive form. The problem
of single-mother families is similar and is therefore omitted. Let the vector of continuous
choices at age t be given by Y, that is:

Yt = kta“?)“’i»UanLTP)T{»TI)T}z»qf) .
The problem of the Two-Parent Family can be summarized by the following func-
tional equation:
V{P(ay, H, 0,058, 0lB) = Yt)Der{ré%?(HB)N}logc + 5" logl™ + 6{logl’ + 8 logt™ + 8 log T" + 8¢ ¢ log 0+
—oP1{D = CB}—of'®1{D = HB}+ BEV{[; (ag;1,H, 041,08, 01F)
s.t BC, TC; j =m,f,SC, PF Skills, AC ,
fort=1,2

For t = 3 we have a similar functional equation with
]EVJP(CM, H, 04, OEB, OEB) = 5a10g as + 59,41E3 10g94 .

In Appendix C I prove that the value functions are log-additive in skills, which
simplifies further the recursive formulation. This result also implies that the policy
functions do not depend on the child’s skills, which simplifies the computational
solution of the individual problem.

Moreover, in order to find the probability distribution of optimal household choices,
it is enough to calculate the choice probabilities over discrete choices P!T(Dy = Dlay, H)
for FT = TP,SM and D = N, CB, HB and the choice-specific policy functions gf°P (at, H)
for

f

we= {C) a/)nmvnfalm>lf)Tm>T )TT,TP) q‘p} .

In other words, instead of working with V{?(a,H, 8,08 0!B) and the correspond-

ing policy functions, we can work with the choice probabilities P (D = D|a, H) the
choice-specific value functions V{"P(a(,H) and their corresponding policy functions.
More details on this on Appendix D

10



3.4 Formal childcare providers

Formal childcare providers can be of two types: Center-based providers (CB) or Home-
Based providers (HB). The market for formal childcare has free entry and is perfectly
competitive. More precisely, upon entering the market, a childcare provider of type P
offering quality q 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 combining 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:

j

A\ X AN 1—od
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 that are being cared for, and also note that different types of
formal childcare are allowed to operate different technologies.

This technology captures that the quality of formal childcare is produced by combin-
ing the talent of the lead teacher (who plans curriculum, communicates with parents,
designs play areas and reacts to specific needs of children) with the number of care-
givers, 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
in a competitive labor market, with factor prices denoted by wt and w€ respectively.
Since there is a labor market for each location, wages are location-specific

Moreover, the state government legislates the minimum staff-to-child ratio, which
is age-dependent. Call this legislated ratio R ;, where 1 denotes the location (state) and
t the age.

3.4.1 Factor demands

The factor demands conditional on producing quality q for k children for T hours are
given in the following lemma.(where h = 1k, the total hours of care). E and C denote
the total number of hour-efficiency units of the lead teacher (that is, the efficiency units
of the lead teacher per hour, times her total number of hours), and the total number of
hours of caregiving (the number of caregivers in the classroom times the number of
hours). This is summarized in the following Lemma:

Lemma 1 (Factor demands).

ol wC 1—og ¢ q
E,t *
— : yq>
lfm)E t we Aza f q 9
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: TX%ews ) T gh *
Cilh,q) = ( wC) A Fa>ad

Rih ifq<q’

. j
j c\ %t
: X w
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q _A&¢<——4f ) .

o) Wt
1 XE t

where q* is given by:

Proof. The result comes out of solving the cost-minimization problem of the paid care
center. The full proof is in Appendix B.1 O

Note that we can write:

B(h,q)=E(q)h,
C'(h,q) =C(q)h.

3.4.2 Costs

From the factor demands above we can get the cost functions, which are given by the
following lemma.

Lemma 2. Given factor prices wE,wC, 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:

; 1—od . )
j E,t j E,t
E(_ % w& ’ C(1=og wt Tl gh *
W <1“5Etwﬁ W e K Fa>dy

XEt
ciilg,h) =9 T : 1ol
E(9 o 1 ‘X]E,t Cpj : *
wE (7) e (R{) TWER (| h lfq<qj,l,t

where q; , is defined as in Lemma 1.

Proof. Full proof in Appendix B.1 O

Again, note from the previous lemma that the cost of offering childcare quality q for
h total child-hours is linear in h, so we can again write, in a slight abuse of notation:

¢jLi(g,h) =cjui(g)h

3.4.3 Price of paid care
Lemma 3 (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 at age t, the

price of childcare has to be given by:

Pqifq>qj,

Pjii(q) = =+ '
j {Eq op KP:| ifq<qj,
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where

PP = &g
KPZWC&
C\ *E
* Xg W
= AR —
@ t_1<1—ocEwE)

Proof. Comes directly out of the zero profit condition for firms and the expression for
costs from before. Full proof in Appendix B.1 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 kp). 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. 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 R;, but keeping factor prices wt,w® constant.

Lemma 3 and Figure 1 capture the direct effect of regulations, that is, keeping factor
prices (the wage of childcare workers and the lead-teacher premium) constant.

While the effect of changing the staff-to-child ratio on the price schedule of quality
given factor prices is known, the effect on the demand for lead-teacher talent and total
caregiver hours is ambiguous. On 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 intensive margin (families exiting the childcare
market altogether), or more likely, 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 such that
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 (because the stricter
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Equilibrium Price Schedules

Benchmark
— — — SR ratio increases, wages constant

Price
\
W

0.0 0.1 0.2 0.3 0.4
Quality

Figure 1: Price schedule before and after an increase on the stringency of the staff-to-child ratio. Factor
prices are kept constant

ratio must be met), but in a decrease in the demand for lead teacher talent E (because
quality is kept constant). Hence, the effect on factor prices wt,w® of an increase in
the mandatory minimum staff-to-child ratio is ambiguous. 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 another one in which
factor prices decrease. As it can be seen in Figure 2 the redistributive 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.

Without a change in factor prices, families that buy lower qualities (who are more
likely to be poorer) pay a higher price, whereas families that buy high enough qualities
(who are likely to be richer) are not affected. However, if factor prices increase as a
consequence of the change of the regulation, all the families pay a higher price for
childcare.

However, if factor prices go down as a consequence of the change in the regulation,
higher qualities are more affordable than in the benchmark, which can benefit higher
socioeconomic status families.

3.5 Labor supply of teachers and childcare workers

The labor supply of lead teachers and childcare workers is stylized and follows a
constant elasticity of labor supply:

LTy =LTy(wihmr,

CCW, = CCW;(wEEW)neew
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Equilibrium Price Schedules
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— — — SR ratio increases, wages constant
—-—-- SR ratio increases, wages increase
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Quality
Equilibrium Price Schedules
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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 upper
pannel shows a scenario in which the change on the regulation leads to an increase in wages and the
lower pannel shows a situation in which the change on regulation leads to a decrease in wages.

where LT, and CCW, are the number of lead teachers and childcare workers in location
L, wiT and wEW are their average wages, and i1 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:
W (E) = wEE+nwC

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

WwCCW _ ¢

Second, I assume that the number of hours that lead teachers and childcare workers
work is fixed, 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). Under these assumptions, the aggregate supply of paid childcare
production factors becomes:

ES(wE,w®) = H LT (wE +wé)nr | (Supply of E)

Co(WE,WS) = Hir LTy (wE + WM + Heew CCW, (wC)neew | (Supply of C)

where H;1 and Hcew are the number of hours that lead teachers and childcare
workers work respectively.

Note that the supply of efficiency units depends also on the price of an hour of
caregiving 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 (the lead-teacher premium and the wage
of childcare workers), and given regulations. In particular, their factor demands are
optimal. Given those prices, families 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’s efficiency units and caregiver-hours by childcare providers
equates the supply for those factors at the equilibrium wages.

Now 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 3.

e Factor demands {{CP(q),EP (q)}p—cs npli_; are given by

EP(q) =EP(q, 1),
CP(q)=CP(q,1),
where EP (q,h) and CP(q,h) are given by Lemma 1

. ES,ES are consistent with Supply of C and Supply of E given wages, that is:

C° = CS(wE,wE),

= ES(wE w¢) .

o VLD (q, H) solve VN and VP.
* gt (a, H) belong to the argmax of VN and V/* respectively.

e Choice probabilities {IPEhC8 (ay, H), PYMB (ay, H) 3 _, are consistent with {V{"Plp_n B 1b,
that is:

P{"P (ag, H) = P (V™ (ar, H) — 0P > max(Vy (i, H) — o}, V"N (ay, 1)),

for D=CB,HBandj=D

° GFT

t+1(agy1,H) is consistent with the optimality of saving decisions of households, that is:

e =] (¥ PP (aH) < au))dGila, )
o H<H *p_N 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:

?ET»D(Q)szTJ Iy H)(GR (s H) € Q9 (0 H)AGy (ay H) for all Q € B(R,).
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* qe€ Qatagetinmarket D for t =1,2,3 and for D = CB,HB clears:

FMP(Q)+F{"P(Q) =PP(Q) forall Q € B(R,) .

* The factor markets clear:

3
A S

> | ePaarpig -,

t=1 D=CB,HB "4

> S

> | ePtarerbia)—E

t=1 D=CB,HB "4

4 Computational Tractability

The model described above is an equilibrium model, for each household structure
(two-parent vs singe-parent households) families are heterogeneous in 7 time invariant
characteristics (4 continuous and 3 discrete!’) and there are 2 dynamic states. More-
over, families make 10 continuous choices and 1 discrete one. There is a market for
each type of care (Center-Based and Home-Based), for each age, and for each quality.
Apart from these type-age-quality-specific markets for childcare, there are also 2 factor
markets (Lead teacher efficiency units and caregivers). Hence, solving for the equilib-
rium requires solving for 6 equilibrium pricing schedules PP (q), each of them infinite
dimensional, and 2 factor prices.

Here I describe the features of the model and numerical techniques that make the
computation of the model tractable.

4.1 Household problem

First, instead of discretizing the time-invariant family characteristics H, I sample
from the joint distribution of initial assets and family characteristics G;(aj,H). High-
dimensional integrals are more precisely calculated using Monte-Carlo techniques
than quadrature techniques for a given budget of computational resources. This is
because relying on simulation automatically zooms in regions of the space of family
characteristics that are more likely, increasing precision.

Despite the fact that the household problem has 2 dynamic continuous states, I
show that value functions are log-additive in cognitive skills (see Appendix C), which
also implies that policy functions do not depend on skills.

A priori, solving for household choices seems computationally very burdensome
for a particular household structure FT = TP,SM, a vector of family characteristics H
and assets ay, given that households in this model make 10 continuous choices and 1
discrete choice. In order to alleviate that problem, I do the following;:

10The three discrete are relative care at t = 1 and 3 (at t = 2 relative care is a deterministic function of
relative care at t = 1), and the availability of relative care. The support for each of these three variables is
finite but contains many values.
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* First, I split the problem of making optimal choices in three discrete-choice-
conditional problems, one for each D =N, CB,HB

* Second, I further split this problem between an asset-conditional choice and the
choice of choosing assets optimally.

¢ This step is where the computational gains come. Given future assets a;; and
the discrete choice D we still have 9 continuous choices to make. I show that
choosing those optimally amounts to essentially ! a sequence of one-dimensional
root-finding problems, which is more tractable than a 9-dimensional search.

On top of this, the presence of the exponential utility costs allows me to:

* Find the expected future value function in closed form given the discrete-choice-
conditional value functions

* Find choice probabilities in closed form for the discrete choice D = N,CB,HB
given the choice-conditional value functions

* Use fewer grid points for future assets, given that the future expected value
function is differentiable thanks to the exponential costs

4.2 Equilibrium

Looking for an equilibrium of this model seems intractable at first, even given what we
know now about the computation of households’ optimal choices. This is because we
still need to find 6 pricing functions (that is, 6 infinite dimensional objects), and 2 scalar
prices. Lemma 3 allows as to reduce this for a search for 2 scalar prices (because given
those Lemma 3 allows us to calculate the pricing functions in closed form).

Moreover, once we sample ay, H, the fact that the choice probabilities are in closed
form given the value functions allows me to simulate fewer individuals (essentially,
I can compute the probability distribution of choices exactly without relying in mon-
tecarlo simulation for each realization of a;,H, see Appendix E). This allows to check
for market clearing in the factor markets more efficiently. Check Appendix F for more
details on this. See Appendix D for more details.

5 Data

This paper uses data from a variety of sources. In particular, I combine information from
the individual-level surveys Early Childhood Longitudinal Study, Birth Cohort (ECLS-
B) and the Survey of Consumer Finances (SCF), with aggregate state-level data on
mandatory minimum staff-to-child ratios and wages of teachers and childcare workers.

The word "essentially" here indicates that for some searches in that sequence, we actually have a
one-dimensional root-finding problem nested in another one-dimensional root-finding problem
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51 ECLS-B

The main dataset is the ECLS-B. The ECLS-B is a nationally representative survey of
children born in the United States in 2001, and contains information on roughly 10700
children. The 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.

52 SCF

Because the ECLS-B contains only limited information on assets, I use information from
the 2001 wave of the SCF to impute wealth for each ECLS-B family in my analysis at
each point in time.

5.3 Wages of lead teachers and childcare workers

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'? .

5.4 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 was compiled by Sheri Fischer for a project at
Wheelock College in Boston. The data for years 2005 and 2007 was also compiled by
Sheri Fischer for the 2005 Childcare Licensing Study respectively and the 2007 Childcare
Licensing Study respectively.

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-
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.
Moreover, because Home-Based care providers usually mix children of different ages
in the same room, mandatory minimum ratios for Home-Based care providers usually
depend on the age distribution of children in the room. I transform the raw data on
mandatory minimum staff-to-child ratios in a way that I can use in estimation and
when solving the model in two ways. First, mandatory minimum staff-to-child ratios
change for some states between ages 9 months to 2 years old and 2 years old to 4 years
old (corresponding to model periods 1 and 2). Because the model is in discrete time, for
those model periods in which the ratios change I consider the ratio that applies at that
model period to be the ratio that applies at the midpoint of the period. That is, when
estimating parameters and when solving the model, the staff-to-child ratio at t =1

12Gee https://www.bls.gov/oes/tables.htm
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corresponds to the staff-to-child ratio at age 18 months in the data. Moreover, in the
data staff-to-child ratios for home-based care providers can depend on the mix of ages
of children in the room and the number of providers, but in the model I assume that
neither home-based care providers nor center-based care providers cannot mix ages,
and the ratio does not change with the number of teachers and childcare workers. The
way I construct age-specific staff-to-child ratios for home-based care providers at age t
in state 1 is by reading the regulation of state 1 and finding out what would be the ratio
that applies if home-based care providers in state | were to only provide care to age t.
If small home-based care providers (1 staff member in the room) and large home-based
care providers (2 or more) I pick the staff-to-child ratio to be the most lenient!? (the
lowest staff-to-child ratio). For the sake of illustration, consider the case of Missouri
in 2007. According to the childcare licensing study, Missouri had different licensing
requirements in 2007 for small home-based providers (with one adult in the room) and
for large home-based providers (with 2 or more adults in the room). A Small Home in
Missouri would comply with the mandatory minimum staff-to-child ratio if the one
adult in the classroom was caring for at most:

1. 10 children, if 2 are younger than 2 years.
2. OR 6 children, if 3 are younger than 2 years.
3. OR 4 children, if all are younger than 2 years.

Hence, if a small home-based provider were to provide care in Missouri to only children
aged 18 months old, the mandatory minimum ratio that would apply to that home-
based care provider would be 1:4. For children aged 3 years old, it would be 1:10. If we
look now at Large Home-Based care providers, the 2007 childcare licensing study tells
us that 20 children could be cared for by 2 providers without specifying the age of the
children, so the ratio that applies at all ages for large home-based care providers is 2:20,
that is, 1:10. Hence, the staff-to-child ratio for home-based care providers in Missouri at
age 18 months that I use to estimate the model is 1:10

5.5 Other aggregate data

In order to account for state-level differences in prices, I construct 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 4

13Note that if I were to allow in the model for home-based care providers of different sizes facing
different regulations, only the size corresponding to the most lenient regulation would survive in
equilibrium, given the constant return to scale and free entry assumptions.

Wpttps://www.cdc.gov/nchs/data/statab/natfinal2003.annvoll_08.pdf
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6 Model Identification

One of the nice features of the model is that we can prove that it is identified given the
data that we have available. Because the model has many ingredients and identifica-
tion proofs for each of these ingredients are different, I relegate to the Appendix the
formal identification discussions. Hence, I will only present here a high-level heuristic
identification discussion for each group of model parameters and distributions, but the
interested reader can refer to the Appendix for more details.

The objects to be identified can be split into 4 different groups, with some sub-
groups:

1. Parameters of the measurement system for non-parental, maternal, and paternal
quality.

2. Household-side Objects

¢ Production Function of child skills

¢ Initial distribution of households over their time-invariant characteristics H
and their initial level of assets a;

* Preference parameters

— Distribution of fixed utility costs of using Home-Based and Center-Based
providers

— Rest of the preference parameters
3. Technology of quality production for Home-Based and Center-Based providers

4. Labor supply of Lead Teachers and Childcare Workers

6.1 Parameters of the measurement system for non-parental, maternal,
and paternal 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
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!°:

——j,s . . . .
logq™ =W+ logq + €,

forj=m,f,r,pand s=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

15Despite 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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measurement errors). The noisy measures of parental care are constructed from survey
responses to questions about parental attitudes and behaviors. For the mother, scores
capturing the quality of mother-child interactions constructed from direct observations
are also available, and hence I incorporate them when measuring maternal quality.
The two measures of maternal and paternal quality constructed from the same set
of questions are normalized by subtracting the mean and dividing by the standard
deviation of the raw measure for maternal care. The measure of non-parental quality
that I use is the Arnett score. Let’s describe first the identification of the measurement
systems of paternal and maternal quality. A subset of questions asked by the ECLS-B
to mothers and fathers coincides. If the mapping from responses to those questions to
latent parental quality is gender-independent, it makes sense to assume that paternal
and maternal care qualities are measured in the same units. More formally, letting

—~—~— ,] /—\_/f) .
log qm ,JJogq  be the measures of maternal and paternal quality constructed from
applying the same transformations to the same questions, we have that:

/'\_/‘,1 3 1 .
fogq” =prer! 4 aParlog gl + & forj =m, ¥,

where note that uPe! and oP%"! do not depend on j, that is, they are the same for
mothers and fathers (hence the choice of superindex par for parental). Because parental
quality is latent and has no natural scale, we can normalize:

Hpar,] =0,
AP =1,

At this point it is important to note one thing. First, we should only normalize one
measure for all types of care. To see why, suppose that we normalize P! = pARNETT —

0 where pANRETT stands for the shifter in the measurement system for the standardized
T ’] .

Arnett score. Because both the standardized log qm and the standardized Arnett score

both have mean zero by construction, imposing

FLpaTJ _ H'ARNETT -0

amounts to imposing
Eflogq™ = o« T log g,

which implies taking a stand on the location of relative care quality with respect to
maternal quality that is not necessary for identification. Doing that may bias the
predicted effect on children’s skills of policies that reallocate care from relatives to
parents or vice-versa. Going back to the identification of measurement parameters, and
following arguments similar to those in Cunha, Heckman and Schennach (2010), o/»2
can be identified from:

/-\_/j,z
iy cov(logq ,Z)

o —
cov(log qJ’ ,Z)

7
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Where Z is an instrument that is uncorrelated with measurement error (in estimation, I
use the predicted Arnett score for relative care).
Given o2, W is identified from:

Hj’z _ IE[I/OE-aj’Z] B ocj’ZIE[l?OE—aj’]] .

Now, let
logq™
1 par _
08 q ( log qf >
: 1/'\-/111,1
———par, o)
logg = i‘im /
log q
and

fogq ™ —um2
I/E)\_/par,z _ T
&4 fomg" i
T
By Theorem 1 in Cunha, Heckman and Schennach (2010), the distribution of log qP¢" is
identified. Moreover, since the measurement errors are fully independent, the distribu-
tion of the measurement error is identified by a standard deconvolution argument. See
sub-appendix K.3 for more formal identification results on the measurement system,
details on the construction of parental quality measures, details on the estimation of
the measurement system for parental quality, and estimation results.

It remains to be argued that the Arnett score measurement system parameters are
identified. In principle, this claim may seem surprising, because the usual identification
results for latent factor models tell us that with only one measure we cannot identify
the parameters of a measurement system. However, the structure of the model imposes
further restrictions that can be exploited to identify o \"NETT and pMRNETT In particular,
note that combining the measurement equation for the Arnett score and the production
function of quality of paid providers implies the following;:

ARNETT, ; = pmmett 4 ghmett <log AP 4+ 1(Di = CB)(logAf® — logA‘t*B))Jr
E C
oc{\mett(ocgt log <E> + (1 —og,t)log <E) ) + efrnett

where the term
(logAl™® +1(Dy = CB)(log AF® ~ log A}'®) ),

is there to allow for center-based and home-based care providers to have different
productivities. From the previous equation it is apparent that if we can construct the

term A .
E C
ag tlog (E) + (1 — ag ) log (E) ,
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then a'*"NETT is identified from the projection of ARNETT; ; on a constant, a dummy for

the provider being center-based, and the input composite term

E ¢
oglog (E) + (1 — g t)log <E> .

Because (%) and (g) are data, and a4 is identified independently of &
will see later), then o**NETT is identified. That is, the factor loading of the Arnett score
oRNETT s identified from the constant returns to scale Cobb-Douglas assumption in the
production of quality. Note that if the Cobb-Douglas technology of quality production
was not constant returns to scale, the relationship between the Arnett score and the

input composite term would be

ARNETT (55 we

ARNETT, ¢ = et 4 o mett (log AY'B 4-1(Dy = CB) (log AL® —~log Al'®) ) +

E C
vod}me“( o ¢ log <E> +(1—ogy)log (E) ) 4 efnett )
where v is the returns to scale parameter. In this case, v and o**NETT wouldn't be
separately identified. The location parameter p*RNETT is identified jointly with the
parameters of the Production Function for skills (more on this later). See sub-appendix

K.1.1 for a more formal identification argument for «*®NETT and estimation results.

6.2 Household-side objects
6.2.1 Production Function of skills

Let ARNETT be the value of the Arnett score of type of care j 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)

ARNETT can be written as:

ARN ETT

_logd' —

where the dependence on t is omitted for economy of notation. Substituting the
relationship between ARNETT and true quality into the production function for child
skills we get:

v
log 011 =logA¢+ve log 6 +ymt — logq —H/ft = logq + ﬁéﬁ T ARNETTt+
P
Yot Ypt Tt ARNETT Yrt T ARNETT
ARNETT —ARNETT TG ARNETT T G RNETT T M et -

Note that n¢;; does not affect childcare decisions independently of timing assumptions
about when . is realized, because of the log-additivity of skills in the value function.
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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 oRNETT is identified, the production function of skills and the
additive shifter of the Arnett score measurement system are identified for t = 2,3.

For t =1 this argument doesn’t quite work because we have a missing data problem:
At 9 months, ECLS-B did not observe non-parental childcare arrangements, so the
Arnett score is not available for t = 1. This is not only a problem from the point of
view of estimating skill-production function parameters, but also from the point of
view of knowing the distribution of log q"'. In order to tackle these two issues, I make
two assumptions: First, [ assume that v, ; = v, ;. This is a sensible restriction because
relative care and paternal care are both measured by the Arnett score, so they should
be in the same units. Second, I assume that the change in relative care quality between
waves 1 and 2 is constant across individuals, that is:

logqs =logq] +g7".

Under these assumptions, the evolution of skills between t =1 and t = 2 for children
spending no time in paid care can be written as:

m Tt
log0, =log A1 +ve 1 10g01 +Vm,1 %log q™ +vs,1 %log q+

s T
ARNETTE— Yri 1 (ARNETT Oé\RNETTQ;N)

—_— FL
cxé\RNETT T 2

T
Yr,1 T

(xﬁ\RN ETT T

+n2,

and note that we are using the predicted Arnett score at t =2, since the oneatt=1is
not available. Also note that now the term accompanying the fraction of time spent
in relative term is not only p)RNETT the extent to which the standardized Arnett score
overstates true quality with respect to parental quality, but also g;"", which is the extent
to which we would overstate relative quality at 1 if we used predicted quality at 2.
It is important to note that we are conditioning in t° = 0. If we didn’t do that and
instead considered the whole population of children, we would have an endogeneity
problem coming from the fact that the quality of paid care is not observed at 1. Also,
the fact that we are conditioning on P = 0 does not create selection bias, because the
only unobservables that appear when estimating the previous equation are n; and the
measurement errors in parental quality. Since the only source of endogeneity is again
measurement error in maternal and paternal quality, and we have repeated measures of
maternal and paternal quality, the previous equation is identified. Hence, production
function parameters at t = 1 and the growth rate of relative care quality between periods
1 and 2 are identified. See sub-appendix K.5 for more formal identification arguments,
details on the estimation, and estimation results.
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6.2.2 Initial Distribution of household characteristics and assets

Suppose that we want to predict the effects of a policy that is likely to increase the price
of childcare for some levels of quality on the behavior of households and the skills of
their children. To what extent households are able to substitute paid childcare with
informal childcare depends on the availability of relative care, which in the model is
given by the household-specific endowment T'. Moreover, the extent to which the
skills of the children of families that use more relative care as a consequence of this
policy change, depends on the quality of the relative care available to these families
at each age of the child, which in the model is given by {logqi}?_;. It is clear then
why, in order to predict the distributional effect of childcare market policies in general,
and changes to mandatory minimum staff-to-child ratios in particular, it is important
to identify the distribution of households over initial levels of wealth, time-invariant
family characteristics, and initial skills G 1 (a1, H,8). I will argue why this distribution
is non-parametrically identified under the assumptions of the model for two-parent
families. The argument for Single Mothers is similar. First, note that the time vector of
time-invariant family characteristics contains the wages of the mother, the wages of the
father, the quality of maternal care, the quality of paternal care, the path of quality of
relative care, and the endowment of relative care, that is:

H= (Wm,Wf) Clm> qf>{CI{}%:1 )TT) .

The wages of the father and the mother are observed for fathers and mothers that work
in some wave, and imputed for those that never work in the sample period. Hence,
they can be treated as observable.

Quality of relative care is assumed to be a deterministic function of observables for
t=2,3. That is:

log q{ = thq,r ’?’T .

This implies the following relationship between the Arnett score and observables in
Xq,r:

ARNETT{J — u{\RNETT + OC{\RNETTXAJB?,T + eéJFNETT )

Even though the households for which the Arnett score of relative care is observed
are endogenously selected, identifying the constant and the slope of the projection of
the Arnett score on X, because the only unobservable present is measurement error
in the Arnett score. Hence, the predicted Arnett score AR/N?TT;t is observed for all
households, which means that log g} for t = 2,3 is observed for all households, since the
measurement parameters of the Arnett score are identified. See sub-appendix K.2 for a
more formal identification argument and for estimates of o3 ", Moreover, since the
growth of relative care quality between periods 1 and 2 is identified, we can construct
log q} from log 5. This establishes that {log qI}?_; can be treated as observed.

The endowment of relative care is assumed to be a deterministic function of family
characteristics, that is:

T=T(Z"M<T,
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where Z"" is a vector of discrete-valued family covariates. Under the assumption that
logq™,logq" can be made arbitrarily small regardless of other family characteristics,
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 that are 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 I provides a
formal proof of this result, details on the estimation, and estimation results. Given
that (w™wf, log q",T') can be treated as observable, it suffices to show that the dis-
tribution of (aj,logq™,logqf,log8;) given (W™ wf logq",T') is identified. First, note
that because assets are observed in the SCF, the distribution of measurement error
in assets is identified from SCF data. Second, the distribution of measurement error
for maternal, paternal quality, and initial skills are identified (see Appendix K for the
identification argument, details on the estimation, and estimation results ). Under
the assumption that measurement error in assets is independent of a;,H and the mea-
surement error in maternal and paternal quality, and measurement error in skills,®,
the distribution of (a;,logq™,logqf,log8;) given (W™ wf logq",T') is identified from a
standard deconvolution argument (given that (d; ,ﬂ)g_&m’] ,f(_)g_af’ ) are observed, and
the distribution of (e§,e™!, e"!) is known). Note that the same arguments can be used
to identify non-parametrically G;, G3.

6.2.3 Preference Parameters

Preference parameters can be divided into parameters of the distribution of the fixed
utility costs of using center-based and home-based care, and the rest of preference
parameters. Let’s start with the rest. These parameters are 8, 5/,8™, 85 {80 (}{_,,54 The
parameters governing the marginal utility of leisure 8", 5 are identified by the ratio of
the value of consumption to the value of leisure. If the expenditure share of leisure is
larger than the expenditure share of consumption for both mothers and fathers, that
means that they are likely to value leisure more. {69)t}‘t‘:2 is identified from observing
how much families pay for paid care, how much of an increase in quality they get with
respect to their relatives, and how much they consume. If families are willing to pay
a lot for center-based care, consume little, and get only a modest increase in quality
with respect to free care provided by relatives, that means that d¢ is high. Note that in
the first wave of ECLS-B data on the quality of paid care is not available. I circumvent
this limitation by exploiting that the structure of the model implies that the quality of
paid care bought by a family in an interior solution for relative care from a provider for
which the staff-to-child ratio doesn’t bind is known once the quality of relative care is

16The full independence assumption on the measurement error in assets is indeed an assumption, that
is, it doesn’t happen by construction. The imputation procedure relies on projecting net worth on SCF on
observables that are both available in SCF and ECLS-B, and then use the coefficient of that projection to
impute net worth in ECSLS-B. Such a procedure ensures that the measurement error has zero covariance
with the observables used in the imputation, and by extension with the imputed measure of assets, but it
does not ensure full independence.
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known. The quality of relative care in the first wave given that the quality of relative
care in the second wave is known, and the change in relative care quality between the
first and the second wave is constant and identified. 8™, 5" are identified once {5e,t}f:o
and §",8! are known from observing the time use decisions of fathers and mothers.
For instance, if we know that mothers value leisure and children’s skills a lot, but
we observe mothers that are worse at fostering skill development than the relatives
they have available spending a lot of time with their children, that means that they
should intrinsically value time with their children a lot, which translates into a high
5t™. Finally, 8, is identified from the following relation:

ag = dqcC.

Both assets and consumption are measured with error, and the measure of contem-
poraneous consumption is constructed from the measure of contemporaneous assets.
This creates an endogeneity issue, so a regression of assets in wave 4 on consumption
on wave 3 does not identify §,. Fortunately, consumption at wave 1 can be used as
an instrument to recover 5,. See Appendix M for formal identification results. See
Appendix N for details on the estimation procedure and estimation results.

6.2.4 Distribution of choice-specific utility costs

Now let’s turn to the parameters of the distribution of the utility costs of using center-
based and home-based care. Given data on wages, regulations, and technology param-
eters for center-based and home-based parameters providers, we can find the price
schedules for quality that families face in the model according to the expressions given
in Lemma 3. Given knowledge of the rest of the preference parameters, we can find the
choice-specific value functions of choosing no paid care, center-based, and home-based
care at age 4 for a household with assets and time-invariant characteristics given by
(a3,H). Because the distribution of utility costs is exponential, the probability of a
household choosing center (home) care is monotonically increasing provided that that
household prefers center (home) care absent the utility costs. Hence, as long as the
group of households that prefer center-based care to no paid care and the group of
households that prefer home-based care to no paid care both have positive masses,
we have that the unconditional choice probabilities are monotonic in the exponential
parameters of the utility cost distributions. Using backward induction we can repeat
this argument for t = 2, and t = 1, which implies that (Acg+,AnB,) are identified for
t=1,2,3. See Appendix M for formal identification results. See Appendix N for details
on the estimation procedure and estimation results.

6.3 Technology of quality production for Home-Based and Center-
Based providers

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

E
. w Ei,t
WECi +WEEiy

XEt
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 « ; 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 1 from «g; 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 the input composite

£ ¢
(XE’tIOg (E) + (] + (XE’t)IOg (E) .

The intercept of this projection combines the efficiency of quality production (log-
TFP) with the extent to which the standardized Arnett score overstates the quality of
relative care when compared to the measures of parental care (which is measured by the
intercept of the measurement system of the Arnett score uf"NETT). 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. This
is apparent in the expression for P in 3. The 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) 17 However, one can
again (as in the identification of preference parameters) use the fact that the quality of
paid care is known given 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. See Appendices ] and L for formal identification arguments,
details on the estimation, and estimation results.

6.4 Labor Supply Lead Teachers and Childcare Workers

In the model, the labor supply of teachers and childcare workers is given by the
following constant elasticity of labor supply specifications:

LTy =LTy(whmr,

CCW; = CCW (wiWyneew

17We need the measurement error in P(q) to be additive for the identification argument for dg ¢ to go
through.
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Using the previous two equations for identification and estimation amounts to assum-
ing that there are no state-specific idiosyncratic reasons that affect the Lead Teachers
and Childcare Workers, which can bias the estimates of the labor supply elasticities. We
can allow for those unobservable factors by augmenting the estimation equations to be
given by:

LTy =TT (wi )" Texp(&r}) ,

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

Including these shifters create 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. Intuitively, if we observe wages, and given knowledge of
the household-side and provider-side parameters, we can predict whether childcare
demand is high or low at those prices by solving the model in partial equilibrium (that
is, feeding in the wages into the model and solving for all the other equilibrium objects).
If the observed wages are low, and demand is high, then that means that lead teachers
and childcare workers are abundant, which translates into a high level for their shifters.
See Appendix O for formal identification arguments, details on the estimation, and
estimation results.

Note that the identification strategy (and the resulting estimation strategy) is robust
to mandatory 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, and those wages 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
shocks.

18This is an important concern because there is evidence, anecdotal at least, that regulators

react to labor supply shocks by relaxing childcare market regulations. See the figure in page 5
of 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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7 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,
and I relegate the discussion for the remaining parameters to the Appendix.

7.1 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 children, and that
home-based care providers are less efficient at producing quality than center-based care
providers.

As discussed in the identification section, the importance of the lead teacher effi-
ciency units in the production of quality is identified from the factor share of this factor
for childcare centers for which the ratio is not binding. Denoting by «¢ ; ; the empirical
factor share at the center child i attends at age t, I estimate o ; as:

1 N
Xt = N Z XEit -
i=1

Estimates for « ; are provided in the following table:

Table 1: («g 2, xg 3) estimated from bill shares

OE,2 OE 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
arrangements at 9 months, I estimate « ; by extrapolating o ; and «g 3 according to:

B exp(bo + bit)
~ 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 &g 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 for older ages. Because they are not constrained
by the regulation, the model rationalizes this by interpreting that lead teachers must be
more important at older ages.
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As discussed in the identification section, 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, and the other is the relationship
between measured quality and prices.

The following table presents estimates of log AL and log Al'® coming from those

two sources 7:

Table 2: Estimates of quality production TFP

Variable Prices Inputs-outputs

logASE  1.65 -
(12.53) -
log AltB - -
() ()
logAS®  3.70 3.27
(2.29) (2.21)
logAl® 337 2.80
(2.30) (2.21)
log AP 3.47 4.16
(5.74) (4.89)
logAl® 320 3.90
(10.33) (6.22)

Table 3: NOTE: Bootstrap SE in parentheses. Because inputs of the production function of quality are not
observed at 9 months, estimates for log A{'E 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.

In the "Prices" column log Al is estimated from the corresponding log AL? in the
prices column and the estimated difference log A® —log Al'B in the "Inputs-Outputs"
column. That is logA® —logAl'P is only estimated using differences in measured
quality between Center and Home-Based providers given inputs, not from price infor-
mation. The reason for that is that only observations above the mandatory-minimum
ratio are used to estimate log-TFP in the "Prices" column, and mandatory-minimum
ratios are imputed for the Home-Based sector (see Data section). When performing
counterfactuals, I use the estimates in the "Prices" column.

7.2 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

19A detailed explanation of the identification and the estimation can be found in Appendix L
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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 0y,m Pv,m,fOv,mO,f
2
Ve Pv,m,fOv,mOv f Oy f

And v; assumed to be independent of X;  for j = m, f. Table 4 provides OLS estimates
of B q for j =m,f

The estimates in Table 4 say that more educated, higher wage parents, and parents
with higher-quality relatives are more effective at fostering skill development.

Table 5 show estimates of the parameters of the distribution of the unobserved
component of parenting quality. For comparison, I show in Table 6 statistics of the
distribution of the observable part of parental care

Taken together, Tables 5 and 6 say that children whose mothers are effective at foster-
ing skill development have fathers who are also effective at fostering skill development.
More details on the estimation of the distribution of parenting quality can be found in
Appendix K.3.

where j = m, f with:

7.3 Household preference parameters and choice-specific utility cost
distributions

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.

As shown in the previous section, preference parameters are identified from families’
choices. The estimation procedure for preference parameters and the parameters of the
distributions of choice-specific utility costs follows the logic of the identification proof
(see Appendix M) and proceeds in 3 steps.
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Table 4: Observable predictors of parenting quality

Variable logq™ logq'
Own wage 0.09 0.01
(0.01) (0.09)
Relative care Atnett, 0.18 027
(0.03) (0.16)

High School 0.19 0.27
(0.02) (0.15)
College 033  0.50
(0.03) (0.18)
Post Grad 0.30 0.34
(0.03) (0.19)
Urban, inside UC -0.02 -0.14
(0.02) (0.11)
Rural -0.01 -0.01
(0.02) (0.11)
Midwest 0.00 -0.14
(0.02) (0.13)
South -0.04 -0.26
(0.02) (0.13)
West 0.09 -0.16
(0.02) (0.14)
Constant -042  -0.17

(0.04) (0.29)

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 K.2
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 5: Parameter estimates for the joint distribution of parental care unobservables

2 2
O-'V,m O-V,f pv,m,f

005 018 075
(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.

In the first step, the First Order Conditions of single mothers and two-parent families
are leveraged to estimate (o, 6{, oM, 62,{69,t+1 }321 ). In the second step, 9 is estimated
by 2SLS. The estimation equation is:

i = PdaCi3+ €is — POa€i3
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Table 6: 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.

where ;4 is the noisy measure of assets 20, ¢i 3 is consumption measured with error
21, and e;, and e, are measurement error in assets and consumption respectively.
Using measured consumption in period 1, 38, can be consistently estimated (note that
consumption in period 2 is not a valid instrument, given that its measurement error
contains measurement error in assets in period 3). Finally, in the third step I use Indirect
Inference to estimate the parameters of the choice-specific utility cost distributions
{AcB,t,AHB ¢} to update the estimates of {g (1 }f:]. The reason I update the estimates of
{00,441 }i’: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 in the Indirect Inference estimation, 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 {511 }f:] (like
for example, the average price paid for childcare for families whose mother is working
and who are using relative care but not exhausting it)*

Estimates from the first and second step are shown in Table 7, and estimates from
the third step are shown in Tables 8 and 9.

Looking now at the fit (Tables 10 and 11), 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
10 as Bunching(CB¢)) and the average hours of paid care demanded by families. The
reason is that 8¢+ governs both. Hence, in order to match the average hours of paid care
demanded by families in the data, a lower value of 5¢+ would be 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
procedure for preference parameters and the distribution of utility costs can be found

20remember that assets defined as net worth are not directly observable in ECLS-B, so their measured

value are the assets predicted by observables in ECLS-B, where the prediction equations are estimated
using data from SCF 2001

21Consumption is measured as a budget constraint residual. Measurement error comes from the fact
that two elements in the budget constraint are measured with error: Childcare expenditures and assets.

22Because the identification proof for {Acg,¢,AHB,t} 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 coincides with the empirical distribution. More details on
this can be found on Appendix M.
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Table 7: Preference parameter estimates

5™ 0.25
(0.01)
5 137
(0.04)
5™ 1.60
(0.29)
5 0.04
(0.02)
5o 15.01
(4.30)

NOTE: Minimum distance estimates for preference parameters. "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.

in Appendix N.

7.4 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 demand for childcare changes. Since large
changes in regulations’ stringency may induce changes in the demand for teachers, the
labor supply elasticity of teachers is key to predict how regulations change childcare
prices through their effect on teachers” wages.

As discussed in the previous section, identification of these elasticities is not straight-
forward 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 lead teacher and childcare worker wages at the
state level lagged fertility at the state level. The resulting estimates of nit and ncew
are shown in Table 12. Both estimated elasticity for Lead Teachers and the elasticity
for Child Care Workers fall in the range of elasticities estimated by Blau (1993) (he
estimates elasticities in the range of 1.15-1.94).

8 Equilibrium effects of Staff-to-child ratios

In this section I use the model under the estimated parameters to simulate the wages
of teachers and children’s skills at kindergarten entry under different counterfactual
regulatory scenarios.
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Table 8: IF estimates of the distribution of utility costs at each age for two-parent families and parental
taste for skills at each age.

Parameter Estimate

ACB,1 6.58
(0.04)
AcB,2 1.58
(0.00)
AcB,3 6.25
(0.02)
AHB,1 4.06
(0.02)
}\HB,Z 0.91
(0.00)
AHB,3 7.18
(0.01)
S, 1 0.92
(0.00)
89,2 1.01
(0.00)
0g,3 0.66
(0.00)

NOTE:"SOURCE" below refers to the source of the micro-data used in the indirect inference step. In
particular, the statistics targeted in the Indirect Inference step and the initial distribution of states come
from "SOURCE".The source of the wages of teachers and childcare workers is the BLS, and the source of
regulations is Wheelock College in Boston (see the data section).

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.

8.1 Effects on teachers’ earnings

Here I compare the factor prices effects 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. I define the least (most) stringent staff-to-child ratio at age t and for type of care j
as the minimum (maximum) staff-to-child ratio across all states at age t for type of care
j. The average regulation at age t for type of care j is given by the average staff-to-child
ratio at age t for type of care j across states.

The following table shows the least stringent, average, and most stringent regula-
tions across states in my data for each type of care and for each age:

Before presenting the results, it is worth discussing why a priori the factor price
response of an increase in the stringency of staff-to-child ratios is ambiguous: If the
mandatory-minimum ratio for both types of providers becomes more stringent the
price of childcare increases for qualities for which the mandatory-minimum ratio is
now binding. Because of this increase in price, some families may demand less quantity
of childcare 1, or exit the market altogether. The degree to which they are able or
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Table 9: IF estimates of the distribution of utility costs at each age for Single Mothers at each age.

Parameter Estimate

ACB,1 2.15
(0.01)
7\(:]3)2 0.82
(0.00)
AcB3 1.02
(0.01)
AHB,1 1.29
(0.01)
AHB,2 0.27
(0.00)
}\HB,S 0.87
(0.03)

NOTE:"SOURCE" below refers to the source of the micro-data used in the indirect inference step. In
particular, the statistics targeted in the Indirect Inference step and the initial distribution of states come
from "SOURCE".The source of the wages of teachers and childcare workers is the BLS, and the source of
regulations is Wheelock College in Boston (see the data section).

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: Fit, IF for TP families

Choice Probability Model Data

IP(P; = CB) 0.08 0.08
IP(P, =CB) 0.16 0.16
IP(P; = CB) 049 057
IP(P; = HB) 012 0.17
IP(P, = HB) 020 0.18
IP(P; = HB) 0.08 0.08
Bunching(CBy) 14%  11%
Bunching(CB,) 5% 4%
Bunching(CB3) 23%  23%
E[t]] 778 360
E[5] 1584 501
E[}] 2238 895

NOTE: "SOURCE" below refers to the "Data" column.
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.

willing to do that depends on their family characteristics. For instance, if they have
a lot of relative care available, they might find it easy to substitute. However, if the
quality of their relatives is very low, they might not want do so. This effect depresses
demand for childcare, and all else equal, it depresses wt and w€. Moreover, note that
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Table 11: Fit, IF for SM households

Choice Probability Model Data

P(P; = CB) 017 0.14
IP(P, = CB) 031 023
IP(P; = CB) 045  0.35
P(P; = HB) 023 0.18
P(P, = HB) 016 0.15
P(P; = HB) 0.07  0.08

NOTE: "SOURCE" below refers to the "Data" column.
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 12: Elasticities of labor supply for Lead Teachers and Childcare Workers

Nt Meew
133 1.58

(1.89) (2.65)

SE in parenthesis

Table 13: Least, average, and most stringent regulations across ages and types of care

18 months old 3 years old 4 years old

Least stringent, Centers 9 15 20
Least stringent, Homes 12 15 18
Average, Centers 5.18 10.40 12.12
Average, Homes 4.40 6.50 6.69
Most stringent, Centers 3 7 8
Most stringent, Homes 2 2 2

To facilitate interpretation, I report the inverse of the staff-to-child ratios, that is, the number of children
per adult in the classroom.

an increase in the stringency of the minimum ratio makes the pricing schedule flatter
for qualities for which the minimum ratio is binding. This can be seen again in the
expression for P in Lemma 3. Intuitively, the mandatory minimum staff-to-child ratio
distorts more the cost minimization problem of providers offering lower quality than
the cost minimization problem of the ones offering higher quality. Because of that, it
reduces the cost difference of providing higher vs lower quality, which encourages
families to buy higher quality. Because of this increase in quality demanded, childcare
providers demand more . However, the flattening of the pricing schedule occurs only
for qualities for which the mandatory minimum ratio is binding, so demand for £
does not increase. This effect alone increases the demand for E and has no effect on
the demand for C. The third partial-equilibrium force is that given quality and hours
of paid care, childcare providers for which the mandatory-minimum ratio binds now
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have to demand more C, so in order to keep quality constant they also have to demand
more E. If the mandatory minimum staff-to-child ratio increases, providers offering
qualities for which the minimum ratio is binding need to increase £ to meet licensing
requirements. In order to keep quality constant, they need to decrease £. This force
alone increases w® and decreases wt. Overall, the effect on demand of the factors C and
E of increasing mandatory minimum staff-to-child ratios is ambiguous, and therefore
the response of their factor prices is ambiguous.

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. Given
that assumption, states within the same region only differ in their regulations. Because
here I am giving all the states the same regulations (the least, most lenient, and the
average regulation), I can just report the outcomes for each region (because all the states
within the same region have the same outcomes)?.

Change in LT Premium

&
—@— South
1F $— West
— —+— Northeast
Midwest
c -
g —
E 'l
[= i I 8
=
=
&
c ®
m
£ 3
U 3
=
_4 -
_5 L
1 1 ?
R min R mean R max

Regulation Stringency

Figure 3: Comparison of average Lead Teacher Premia 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 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

23] 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 O. Moreover, I am
dropping states for which I do not observe any family with all the necessary observables to simulate
their initial state.
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Change in CCW Earnings
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Figure 4: Comparison of Child Care Worker Earnings for different regulation stringencies
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Figure 5: Comparison of Lead Teacher average Earnings for different regulation stringencies

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 wE. 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
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equilibrium effects that are present for the quality levels for which the regulation is
binding after the increase in stringency. In fact, 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 positive effects on the children’s skill distribution at
kindergarten entry for most skill percentiles.

8.2 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 (corresponding to the lowest mandatory minimum staff-to-child ratios for
each age and type of care) to the most stringent one (corresponding to the highest
mandatory minimum staff-to-child ratio for each age and type of care)

Let Ffo‘ggh (x) and Fﬁ)“ggjz (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 Alog04(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:

Alog8s(p) = (Figs) ™' (p) — (FRaga) ' (p)

Figure 6 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 6 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 that only cared about the unconditional
distribution of skills at kindergarten entry would prefer very stringent to very lenient
mandatory minimum staff-to-child ratios, unless she put 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
to two-parent families will react differently to changes in the stringency of regulations.
Figure 7 confirms that this is indeed the case. Figure 7 shows that 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 the result in Moschini (2023), who also shows that children born
to single-parent households are more sensitive to childcare subsidies.

241 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 Figure 7
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Change in the skill distribution from Rmin to Rmax
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Figure 6: 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
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Figure 7: 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 distribution of skills for
children born to two-parent and single-parent families.

The increase of skills for most skill percentiles seen in Figures 6 and 7 can result
from increases in skills associated to the regulation change for most children, or from
substantial reshuffling of children across the skill distribution. In order to tell apart
the two stories, we need to look at the distribution of General Equilibrium Treatment

Effects
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Define:
Alog6; 4 =10g06; 4(Rmax) —10g6; 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 8 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 14 illustrates the same point using percentiles of

Change in skills from Rmin to Rmax
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Figure 8: 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

the distribution of Alog®; 4 for children in two-parent households and single-mother
households.

Hence, the changes in the overall skill distribution in Figures 6 and 7 are the product
of some children experiencing large skill gains, and other children experiencing large
skill losses. This opens the question: Who are the children who win, and who are the
children who lose as a consequence of more stringent regulations? Tables 15 and 16
answer that question.

Tables 15 and 16 uncover different skill redistribution patterns: First, the children
who gain the most are born to the poorest 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 families who gain the most? As it can be seen in tables 17 and 18, those
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
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Percentiles of Alog6,; 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 14: 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 between
scenarios

Family characteristics of winners and losers for TP families

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

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

Table 15: 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.

into bigger increases in purchased quality of paid care, which again is confirmed by
Tables 17 and 18. Moreover, these families have on average the lowest endowment of
care provided by relatives, which means that their ability to substitute away from paid
care is more limited. In fact, the children of single mothers who experience the highest
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Family characteristics of winners and losers for SM families

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

ajp 14400 204600 29600 9500
wm 10 12 10 9

logq™ -0.21 -0.10 -0.08 -0.11
log q5 0.07 0.76 0.83 0.67
logq; 0.15 0.84 0.91 0.75
T 4377 4600 3850 2417

Table 16: 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.

skill gains increase on average their time in paid care from ages 0-5 2°.

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. Because of this, as it can be seen in Tables 17 and 18, 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
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 15 and 16 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

2To see why note that in an interior solution for paid care and relative care t° has to satisfy:

\yP
T

logq”—ly?bgqr:

, where I am writing c(t") to emphasize that c is determined residually from t° and other choices. Hence,
if purchased quality increases, " can in principle 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, the 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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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 17 and 18 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 the equilibrium adjustment in the factor prices w® and wt, which makes the
price-quality schedule for qualities for which the mandatory-minimum ratio does not
bind steeper.

Choices of winners and losers for TP families

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

AT -1635 31 -10 2
AT 1223 19 14 -30
AT™ 397 11 23 24
At 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 q° (Rmnin) 0.76 1.61 0.98 0.43
108 4% (Rmnin) 2.14 2.83 2.04 1.73
108 % (Rpnin) 1.1 1.24 0.84 0.62
™ (Rinin) 2590 942 369 3388

Table 17: p5 and p95 are the 5th and 95th percentiles of the treatment effect distribution respectively

Choices of winners and losers for SM families

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

AT 2138 -595 235 17

AT 1563 219 56 207
AT™ 574 375 179 190

Alogq? 0.62 0.42 0.89 1.20
Alogq? 0.64 0.64 0.86 1.32
Alogq? 1.17 0.96 1.11 1.27
108 7 (Rpnin) -0.24 0.19 047 -0.62
108 7 (Rynin) 1.12 1.15 1.07 0.74
10g F (Rynin) 0.52 0.58 0.52 0.50
™ (Rynin) 3042 1484 2186 3755

Table 18: p5 and p95 are the 5th and 95th percentiles of the treatment effect distribution respectively

9 Conclusion

Mandatory minimum staff-to-child ratios are a common licensing requirement for
childcare providers across states. Despite the empirical evidence showing that they
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have an effect on the market provision of childcare, their effect on children’s skills was
unexplored. This paper fills this gap by building and estimating an equilibrium model
of the childcare market in which paid providers are subject to mandatory minimum staff-
to-child ratios and the wages of teachers adjust in response to changes in regulations.
More stringent mandatory-minimum ratios increase the price of childcare, and part of
that increase is due to the upward equilibrium adjustment of teachers” wages. Despite
that, more stringent mandatory-minimum ratios improve the overall distribution of
children skills at kindergarten entry, except for the very left tail of that 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 stringent regulations 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 Relationship between mandatory minimum ratios, prices,
quality, and hours of childcare in ECLS-B and in the

model
Table 19
Price Quality Hours per year
Minimum Ratio for Centers 18.09 1.85 -2304.13
(4.88) (0.79) (584.86)
Minimum Ratio for Homes  0.00 0.00 0.00
(0.00)  (0.00) (0.00)
Constant 1.40 0.00 499.92
(0.44) (0.07) (55.43)

NOTE: Regression of prices, quality (as measured by the Arnet score), and annual hours of paid care on
mandatory minimum ratios for children in center-based care at 2 years old

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 20

Price Quality Hours per year

Minimum Ratio for Centers 18.59 8.59 -929.22
(2.86) (1.94) (351.17)

Minimum Ratio for Homes  0.00 0.00 0.00
(0.00)  (0.00) (0.00)

Constant 1.30 -0.63 417.13
(0.23) (0.17) (29.36)

NOTE: Regression of prices, quality (as measured by the Arnet score), and annual hours of paid care on
mandatory minimum ratios for children in center-based care at 4 years old

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.

Tables 19 and 20 show estimated coefficients from cross-sectional regressions for the
price and quality (as measured by the Arnett score) of Center-Based care and use of
Center-Based care (measured in hours per year). Table 21 show the change in the model
in annual hours of paid care and change in average log-quality induced by an increase
in the stringency of the regulation from the most lenient to the most stringent regulation.
Both the table of empirical cross-sectional results, and the table of model-generated
results agree with each other in that more stringent regulations are associated with
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Table 21

Aggregate changes in family choices induced by a change in regulation stringency in

the model
Two-Parent Single Mothers

AT -102 -544
Ath -130 -332
ATt -30 -88

Alogq? 0.02 0.89
Alogqb 0.21 0.86
Alogd} 0.69 1.11
An™ -38 -187

Changes in log-quality is conditional on purchasing some paid care both in the lenient regulation
benchmark and under stringent regulations

higher quality and lower quantity of paid care, and they both agree qualitatively with
the results in Hotz and Xiao (2011).

B Proofs of Lemmas 1-3

B.1 Proof of Lemmal

Consider the cost minimization problem of a childcare provider offering h child-hours?®

at quality q:

minwtE +wtC
E,C
E XE C ‘lf(XE
TAl = — =
C
~ >R
hon

The Karush-Kuhn-Tucker conditions are given by:

E_ 0(E—1 C ]—OCE
canE _ = =
E:w ?\qocEA<h> (h) 0

E XE C —XE R
C HR

C
Cs:u [k 0,

where Ay and g are the Lagrange multipliers of the quality constraint and the staff-
to-child ratio constraints respectively, and CS stands for Complementary Slackness.

26Note that how h is split between the number of children and hours per child does not matter to the
provider, since the price per child per hour is P(q)
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The previous set of equations are necessary conditions for a local minimum, so a
cost-minimizing choice of E, C has to satisfy the previous KKT conditions.
If ug =0, a solution to the previous equations has to satisfy:

E OCEf‘I C ]7OCE
E:wE—AqaA | = = =0
TR (h) (h)

EN* /C\ %
e —
C:w —?\q(1—(xE)<}—l> (h) =0.
After some manipulations, we get:

E= W_C XE ]_aEﬂ
WE1—OCE A

C= W_E1_(XE “Eﬂl
wC g A

Note that this choice of C is feasible as long as

C xE
wb o .
> AR (L —q*.
q _<WE1—ocE> q

The previous critical point is the optimum for q > q*, since it coincides with the only
critical point of the relaxed problem in which R = 0. Let’s see what happens when
q < q*. By Complementary Slackness it follows that the mandatory minimum staff-to-
child ratio binds (otherwise we get the previous expression for C, which violates the
minimum ratio constraint). Hence, in this region C is given by:

C=Rh

E (XE_ E ]_(XEﬂ
h -\ C A

This together with £ =R implies:

Providing quality q requires:

170([_:

SORIER

This establishes the result. %/

B.2 Proof of Lemma 2

The cost function is the value of the cost-minimization problem in the previous sub-
section. This implies:
c(q,h) =w"E(h,q) +w C(h,q) ,

where E(h,q) and C(h, q) are the conditional factor demands in Lemma 1. This estab-
lishes the result

¥’The fact that the only critical point is indeed an optimum follows from the fact that an optimum
exists (From Weierstrass Theorem and a bounding above argument) and that the KKT are necessary
conditions.
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B.3 Proof of Lemma 3

The expression for the price-schedule in Lemma 3 is given by the cost c(q), where c(q)
satisfies (in a slight abuse of notation):

c(q)h=c(h,q) .

Hence, proving that P(q) is given by the expression in Lemma 3 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). That establishes the result.

C 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
ViM(a,, w™, q™, qI, T , 6,058, 0HB) = VM (a,w™ q™, g1, T', 058, olB) + TP log 69
with
Iy =504
and
rte = BYe,trteH +dgt

Proof. The proof proceeds by backward induction. Hence, we have to establish the
result for t = 3 first.
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Recall that for t = 3 the value function of the single mother is given by:
ViM(az,w™, q™, g5, T, 04,057, 051P) = max UM (c3, 15, 73" + 80,3 10g 03
03»04»11?1,1?‘»”5?1‘1]33»”52 aTE»P3

—05B1{P3 = CB} — o}'B1{P; = HB} + B(V2M(a4) + 8¢ 4E3l0g 04

st 4 4nlt=T" (TC)

4t +5=T  (SC)

e0,T] (RO
)

1{D; = HB}P}'®(q5,78) + 1{D3 = CBIPS P (q5,15) + c3 + ag =w™nJ + a3(1 + 7 (BC)
m TP T
log 0.1 =log At +7ve110g 04 +Ym,t% logq™ +vp 1 loga” +vri10g qt +1ui (PF)

ag41 = a (AC)
D €{CB,HB,N}  (DCP)

fort=3
If we substitute (PF) in the RHS of the value function equation we get:
v.’?M(a.%Wm)qmaqgaTT>et>0tCB>oyB) = max USM(C>121>T?)+59,310g93

€3,a4 »“21,121»”513“»‘1]33 »T3P »Tg ,D3
m

T
—0581{D3 = CB} — 0}'B1{D3 = HB} + [359,4%,3% log q™+
LT LTI

1359,4%,3? logq; + 559,4%,3? log g3+
+B8palog Az +BViM(as) + Bdoave3log0;
s.t (TC),(SC),(RC),(BC),(AC),(DCP)

by letting

5 = Bdoaves+ 03
and

(7S CB HB)

M m m v T SM m m
V3 (a3vw g vq3vT>03 y03 = max u (C3>]’3)T3)

P
€3,04 )n?al?»’rglaqg T3 )Tg ,D3

Tm
—0§B1{D3 = CB}—o}!B1{D; = HB} + ﬁse,wm,g% logq™+

E ™
559,4%,3?3 logq3 + (559,4%,3?3 log g5+
BSoslogAs+ BViM(as)
s.t (TC),(SC),(RC),(BC),(AC),(DCP)

we can establish the result for t =3
What remains to be shown is that the backward induction step works. So suppose
that

SM m .m T 5T CB HB 7SM m . m T =T CB HB 0
Vet (ag,wy g™y qiyy Ty 0u1,0¢07,007) = Ve (agr,wh, g y Gty T50¢07,0¢47) + Ty 108044
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We want to show that:
vtSM(ab ,CI )qtaT ebot »OPB) \A/tSM(ame’qm»q{)TT O‘SB>0}t{B) +Ff’loget

Note that for t = 1,2 we have:

SM m m T CB _.HB SM m m
VPV (ag, w™, g™, T ,0¢,000,040) = max W™ (e, 1{, i) + 0g,¢ log 04
Ctvat—o—]»n][nyugn»T{rl»qt s Tt »T{aDt

—o B1{D; = CB}—o!'B1{D; = HB)+
BIEVtSH (a1, W™, q ,qt,T >9t+1>0tc+1>0t+1)
st M4t 4nt=T" (TC)
T{“+Tt +' =T (SQ)

T]

+7)

€ [0, (RC)

1{D¢ = HB}PtHB(qf,Tf) + 1D = CB}PtCB(qf,Tf) +ci+ap =wm n;E + at( (BC)
™ TP

log6.,1 =logA¢+vetlogO: + Ym,t% logq™ + 'Yp,t? logqP + Vr,t? logq" +My1 (PF)

ir1 204 (AC)
D; € {CB,HB,N}  (DCP)

Using the induction hypothesis we get that:

VtSM(at)Wmaqm)Trvet)OtCB?Ol:[B) maXx P op USM(CtJ{n,T?)—Fée,thget
Ct»at—o—]vnp)lva?»qtyTt »TLDt
—oSB1{Dy = CB}—o!B1{D =HB} + (1Evm (acs1,w™ q™ g, T ,0 8 oltB) + FSHIEtlogem)

s.t (TC),(SC),(RC),(BC), (AC), (PF),(DCP)
Substituting (PF) we get:

SM CB _HB SM m m
vt (ah aq )q‘wT etaot >0t ) maXx P P u (Chlt )Tt ) + 69,’( 1089t
Ct,At41 )n{n)l{naﬂr?)qt )Tt ’T]t-’Dt

—oSB1{Dy = CB}—o"B1{D, = HB} + I’ +1th— logq +
0 vee Slog af + BT vpe = log q?
B t+ﬂ/rt— 0gqi+ t+ﬂ/pt— 0gq;+

B logA¢+ BEVIM (ari1,w™, q™, qi,1, T 00, ofB ) + BT 1 ve .t log O
s.t (TC),(SC),(RC),(BC),(AC),(DCP)

By letting
Y =Brrve+ 8o
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and

“7SM HB SM m m
Vt (at) )q )q‘wT Ot >0t ) Iﬂ{laz_([ PP v u (Ct)lt y Tt )
CtyAt41 ,TL{“,LC yTe At Tt aTt)Dt

Tm
_Ot HDt =CB}— 0 HDt =HB}+ t+ﬂ/m,t%10g q™+

T P
Brflm,t% log qi + BF&wp,t% log qf +
B’rteﬂ 10g At + BIEVJ[SM(atH ywi, qm) qu] ’Tr> OtC+1 y OPE] )

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

we get the desired result. O

D Solution algorithm for the individual problem

We are going to focus on the two-parent family case. The single mother case is analogous.
Denote the time-invariant type of a generic two-parent family as H, that is:
H= (Wmawf) qm) qf){qt}t ])_ ) .

Moreover, denote as Y; all the choices that can be made by a two-parent household at
time t except for future assets and the paid-care type choice, that is:

— m_fm-yf m f _r_ P P
Yi = (e, W L T T Ty Ty, Ay ) -

Define
Wt =B vie,
for time investment category i = m, f,r,p and for t = 1,2,3, with
=504 -
For given initial assets ay, time-invariant type H, and utility costs c<8,c!!® the two-

parent household solves the following problem:

V{"(a,H,05B,0MB) =  max {10gc+6{“10g1m+6{10glf+6?log’cm+6ilog”cf+

at41,Yt,Dt

Z ‘i’ log qt + ]EtVH_] (a1, H 0t+1 ) OPEI )

i=m,f,r,p
—0$B1(D=CB)—o!l'®1(D =HB)
Ct“‘Pf(qp)Tp +agp =ag(1+7) +wm™ ™ +winf
d4+U+nl =T
T+ =T

=T
T <T
g1 = a
maqf .m _f _m _f _r _p
Cty Ly Ly My sy Ty Ty, Ty T = 0
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Note that for the sake of simulating from the probability distribution of individuals’
optimal choices, we do not need to solve for the optimal choice for each level of
0SB ol'B, but rather it is enough to solve for the (a1, Y;) for each D and for the choice
probabilities for D = N, CB,HB. Hence, define the D-specific value functions:

V{"N(a,H) = max {logct+6{“loglm+6{loglf+6?10g1m+6£10ng+ (VM)

Qpy1,Yt

Tt . -
Z %% logq' +EV{F; (ai1,H, Ct+1,CB>Ct+1,HB)}

i=m,f,r

cet+ap =a(T+1)+w™™+wnf

T+ +n, =T
T+ =T
TLT

Qg1 2

a
maqf m _f _m f  _r P
Ct)l‘t ,lt,Tlt ,Tlt,’['t )Tt)Tt)T‘t 2 0

V{PP(a,H) = max { logc+&"logl™ + 8{logl’ + 8™ logt™ + 6L log '+ (VP)

Qp41,Yt
T i ~TP
Z Wt? log q; + E¢ Vi (at1, H,Ce41,0By Ct41,HB) }
i=m,f,r,p
ci+ a1 F PP (@P)P = ag(T+ 1) +w™n™ +win'
D +U+n) = T
g+ =T
LT
a
0

f f

Qi1 2
m f .m m T P
Cty Ly s Ly My s Ty Ty Ty Ty Tp =

for D = CB,HB.
Let the policy functions from the D-specific problem be given by g;° (at,H) for
w e Q={c,a’,n™nf 1™ 1f t™ 1f 1" 1P qP} and D = N, CB, HB.
We can re-write this problem as:
~ oTPD ~
VtTP’D(ataH) = am?;(a{vt (ag, H;ape1) + B]EtJr]VtTJrP] (ag+1,H, 08_31,0513])}
t+1=8

(Dynamic choice)
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where for D = CB,HB:
\_/TPaD (Cl . H) = 1 m m f f m m f f
¢ t+1; g, H) =max ogc+ 5" logl™ + 5 logl' + 6 logt™ + 51 logT' +
t
(Static Choice)
. Ti .
> VWizlog q%}
i=m,f,r,p
ct+ PP (qP)™P = ac(14+ 1) +wm™n™ +winf — agy;
Ot =T
T4+ =T
LT
g1 24
0

mqf . .m_f _m _f _r _p
Cty by Ly My s Ty T Ty Ty Ty, 2

. . <TPN
and an analogous expression appliesto V' " .

The previous discussion implies that if we happen to know VIP’D (at41;a¢,H) and

EtVii1(ais1,H,0¢41,08,0t41,18) as a function of a1, then we can solve for ay1,Y in two
steps:

1. First, we choose a1 to solve Dynamic choice. This is a one-dimensional opti-
mization problem.

2. Second, we choose Y; to solve Static Choice given the choice of assets a;.. This is
an optimization problem in 10 dimensions, but given the special structure of the
problem and the discussion in D.2 it is still tractable.

Finally, given VPP for D = CB,HB, N it is straightforward to find choice probabilities
in closed-form according to:

IP(D = N|at, H) = e B (VEP VM) oA (VIE VM) (Choice Probabilities)

(1— e Mp(VHB-VN)) o Acp (VEBN) | g _ o—Acp (VEB-VN)_
A(j;#fme*)\HB(vHB*VCB) (1 — e~ (AcB+Aup) (VEE-VN))

if VHB > y/CB

P(D = HBlag, H) = { (1 — e Ms(VHE=VN)yoAcg (VEE-VR) |

e Ac(VEP-VHEB) o Acg(VEP-VN)

_AcB o—Aup(VHE-VCE) |:e*0\CB+7\HB)(VCB*VHB) — e*(7\c3+7\HB)(\7CB*\7N)]
AcB+AHB

otherwise

P(D = CBlat,H) =1 —P(D = HB|a,H) — IP(D = N|a,H) ,

and where the particular parametric form follows from the fact that 0¢® ~ exp(A®) and

oMB ~ exp(AMB). Note that I am leaving the dependence of the Value Functions on ay,H

implicit to avoid clutter of notation.
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Next, we need to describe how to compute B, V{7, (at,H,0 B o}B) for t = 1,2 and

t+1
V""" (ay1;a,H) for t =1,2 and D = CB,HB, N

D.1 Computing flow indirect value and future expected value as a
function of assets

D.1.1 Computing flow indirect value

. T .
For given a,H,D,t, we want to solve for V hD (at,H; a¢y1) as a function of ai, 1, where
v'hP (at,H; ar+1) is defined as before. In order to do that, we define a grid for assets

tomorrow aéﬁd ={a,ai(a,H),...,amax(at, H)}. Then, for each a’ in that grid we solve

for \_/IP’D(at, H;a’) by maximizing Static Choice with respect to Y;. This can be done by
tinding all the critical points of the asset-conditional Lagrangian following the proce-
dure in D.2. Once we have done this, a continuous approximation to VtTP’D (at,H; agiq)
is given by simply using linear interpolation over the values of this function on a 4.

D.1.2 Computing Expected Continuation value

This part of the solution algorithm proceeds by backward induction. Fix a family time-
invariant type H and type-specific grid for assets agiqa ={a,a;(H),az(H),..., amax(H)}

* For each a € agrig and for each paid-care type choice P, the two-parent family last
period problem (t = 3) can be solved by finding all the critical points of the last
period Lagrangian, which are characterized by the FOC in the asset-conditional
Lagrangian in Appendix M plus the following optimality condition for assets:

ag4 = dq4cC

These critical points can be found by following the procedure in D.2 and letting
a4 = d4¢ (S0 no separate numerical optimization is required to find assets). Then,
all the critical points found are evaluated, and the one that maximizes the last
period flow utility plus the continuation value of assets is selected. Its associated
value yields VJPP(agyiq,H). From here, we can get the expected value function at

time t (and in particular at time t = 3) as:

EuV]" (at,H,0f®,of'®) = IP(D = CBlag, H) (VT (a;, H) — E(0f*[Dy = CB) ) +

P(D = HBlag, H) (V"P"® (a;, H) — E(o["*|Dy = HB) ) + P(Dy = Nla;, )V{"™N(ai, H),

where the expression for the choice probabilities is available in closed form as a
function of VPP as in Choice Probabilities and the expression for the conditional
expectation of the cost is available in closed form also as a function of VTHP
according to the expression in D.5.3

e Att = 2,1 we want to solve Dynamic choice for each a; € agriq and for each
D = CB,HB,N. Hence, for a fix a; and choice of paid care P we need to know the
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static indirect flow payoff VtTP’D (at,H,aty1) associated with choosing a;;. This
can be done as described above. Note that we may or may not choose this grid
to coincide with agrig. In general, it will make sense not to make them coin-
cide. Once we have done this, a continuous approximation to \_/IP’D(at, H;a¢ 1)
is given by simply using linear interpolation over the values of this function
gria- Analogously, we can find a continuous approximation to the expected
continuation value by using linear interpolation on agyi4. Given these two objects,
solving Dynamic choice and getting V[P (a,H) simply amounts to solving an
optimization problem with bounds in one dimension. Once we do that for each
at € agrig and each D = CB,HB, N, we can find E;V]"(a,H) for each a; by using
the same closed-form expression for the expected continuation value as for t =3

ona’

D.2 Asset-conditional problem at t = 1,2 for the two parent family
given paid care type D = CB,HB

Here I explain how to solve the asset-conditional problem when the family is choosing
paid care for pricing functions given by:

Pqrt if q > qj,

Pl (qP,tP) = g
t(q ) |:Bq p]P i KP:| -~ if qP < q;t

Given choices of assets tomorrow a’ and private care type P a the Lagrangian of the
two-parent family is given by:
=logc+ 5" logl™ + 5f logl' + 8™ logt™ + 8% log ' +ymT log q mpyfl logq +
\yr%logqr +‘1’p%logqp +7\SC [T_Tm _Tf T _Tp] ™ ﬁ —_m_ Lm}

AT =1 —n U]+ ABC[a(1+7) — @’ +w™n™ 4 wn' —c — PP (") +
W+ iR+ ™ g 4 " [T — ']

Notice that  am omitting time subscripts and family type superscript to avoid clatter
of notation. Also note that I am ignoring the terms associated to the non-negativity
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constraints that are never binding. Taking First Order Conditions we get:

%:l_}\BC:O

oc ¢
oL &
am A =0
oL
T :—)\m+)\BCWm+H21:O
oL 5f -
oL
a_TLf: }\f ABCW +HI1:O
oL 8™ ym
gom ~om oy l0ga" TN AT =0
oL oL

I ST | f_A\SC_\f_
oot TfJrTogq A A =0

oL v
%:?logqr—Asc—Fuz—wT:O

oL yp
-~ P _ASC _BCpD(p P _
7P Tlogq A APEPE(qP)+ P =0
L TP 1 dpP
—yp____ __BC P =0
oqP Tav dqp(q)

The idea of the solution algorithm for the Static Choice is to find all the critical points of
the Lagrangian of the family’s problem at time t conditional on choosing childcare type
D and then pick the one that yields maximal flow payoff. In order to do that, I split the
choice set in multiple regions and show that in most cases finding a critical point of
the asset-conditional Lagrangian amounts to solving a one-dimensional root-finding
problem. Unfortunately, the function whose root we need to find is not the same in
each region, so I adopt a case-by-case approach. The remaining of this sub-appendix
details this strategy.

1. Interior solution The necessary conditions for an interior solution are given by:

o wm
o wf
l—} — (TPI2)
o " sc_ O
Lm + —logqm—7\ = (TPI3)
sf yf 5f
T—; + ?log q"—ASC = l—} (TPI4)
P D(,P
¥ loggP—asc =" E:q ) (TPI5)
™1 1dPP
‘Pp?q—p . qu —(qP)"if q* = qijt (TPI6)
ASC = ? log qr (TPI7)
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These FOC have three possible solutions, one for g < q* (ignoring the subscripts
for clarity), another one for q = q* and another one for q* > g*.

*q"<q
Note that for q° < g*
dP"(q")
dq” PP
where we are ignoring the subscripts in « to reduce the clutter of notation.
Using equation TPI6 then we get:

P— Pp wP o\ PP _
" (e)= (53 (@ ()
Plugging this in equation TPI5 and using the expression for P (q") we get
that consumption has to satisfy:
P pp WP\ W Kp  .sc WP
?pplog<E—D?>+?pplogc—?—7\ —pp?—o (RFc)

where

Let g(c) be the LHS of the previous expression, and note that lim. .o g(c) =
—oo and lim. .« g(c) = co. Hence, by the intermediate value theorem and
the fact that g is monotonically increasing, g(c) has only one root in R and a
bisection converges linearly to that root. Let that root be c,. Then q" is given
by q"(c) evaluated at c,

*

If " > q* then there cannot be an interior solution with q” < q*. If q* < q
then the candidate to an interior optimum with q” < q* is given by:

C:CT
T\ T
8
wm
U 6{—?
w
o 57
) m T
te = (% logqm — L logf)
6f
f_ T
T 5{

P wmtn™ 4+ winf 4 a (141) —cr — ag
a PP(qP)
T=T—1"—1™—7f
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e q” =q* Using q" = q* and TPI5 we get:

PP(q)
yP
?log qP —ASC

c*(q,\°¢) = (c(q*,A%%))

Evaluating this at (q = q*,A%¢ = £ logq") we get c.
From here, we can obtain 1™, 17, 7™ 1/, n™ nf " 1" in the same way as in the

candidate to interior optimum with q” < g*

e " > q* In this case PP(q") =P' q"1" From TPI5 and TPI6 we get:

qP,+(7\SC) —exp {] + \%ASC} (qP,+()\SC))

Evaluating this expression at AS¢ =

q%log q; we get our candidate for q".
Bvaluating " (A\5¢) at the resulting " and at A’ = £ logqj we get con-

sumption as:

—p
P q°
— 4P
C=—p (c™(q"))
T
From here, we can obtain 1™, 17, ™ 1/, n™ n 1" 1" in the same way as in the

candidate to interior optimum with q* < g*

If in any of the previous sub-cases for qP any of the variables is negative, that
means that no interior optimum can exist with that q* and we can proceed to
check the next sub-case.

. Mother does not work (n™ = 0) , everything else is interior n" > 0,0 < 1" <
T',7° > 0. (At most 3 critical points) . First, note that since relative care is interior
we have: .

AE = # log q;

In this case T™ and 1™ have to satisfy:

room m_ asc_ O
o P logdT AT = gy

Letting T™ = ¢T = we can re-write this as:

m m 5m
6T_m + Llogqm—ASC -1
T T (1—=¢)T

If we substract the LHS to the RHS we can notice that by the intermediate value
theorem there is a unique solution for ¢, in (0,1) Given that in an optimum
0 < ¢: < 1 we have that ¢ has to satisfy the following quadratic equation:

et =81 =0
~—~—

C

(QE 67

<‘Pm% logq™— TmASC> 2+

m m me m__ TM,SC
Sit+or — (V¥ ?logq —T A

a b
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The only admissible solution to this quadratic equation is given by:

—b +vb? —4ac
= 2a

There are three candidates for q”,c that can be part of an optimum. These are
precisely the same as in 1. For each combination (t™,1™,c,q") (there are at most
6) let:

f 5%
= (¥ loga’— ¥ logq)
nf=T o —1f
pw™n™m+win'+a(1+7)—cr — aps
PP(qP)

T=T—n1

T

P f

R L —

If for some of these candidates to optimum, some of these variables is negative,
we can discard this candidate. If for all of them is negative then no optimum can
exist on this region.

. Father does not work (n = 0), everything else is interior n™ > 0,0 < v < T , 7" >
0 (At most 6 critical points)

Symmetric to 2. The corresponding quadratic equation for t' is given by:

—f
T _
(‘l’f—T log q — Tf7\sc> P2+

a b

=f
5 +8F— (Wf%logqf—xs‘?)] $r— 8L =0 (QE ¢f)
~~

C

. Mother does not work and no relative care (n™ = 0,7" = 0), everything else is
interior. In this case TPI2 and TPI6 still hold. Apart from these two conditions a
critical point in this region is characterized by the following equations:

ym sm gm
SC _ l
A —?logqm'f—ﬁt—ﬂtm—l—m
i & &f
SC _ f !
P PP (q")
T 084 C
M =T

4t =T
c+ap +PP(gM)T" =winl+a(1+7)

nf 4 =T
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*q"<q’
This case has to be solved numerically. The numerical approach here in-
volves a one-dimensional root-finding algorithm nested within another one-
dimensional root-finding algorithm.

A critical point in this region is characterized by a root of the supervision
constraint residual as a function of ASC, which is defined as:

SCR(}\SC) _ T_Tm(}\SC) —Tf(ASC) —TPU\SC)

where: ¢(A5C) solves RFc and q” (M%) is given by evaluating ™ (c) at ¢(ASC).
Moreover
5fe(ASC)
I
5f

T

f—i — (‘y%log qf —)\SC>

lfU\SC) —

Tf(ASC) —

and
nf()\SC) _ Tf - Tf(}\SC) . lf(}\SC)
T(ASC) = pMT ™ where ¢p™ solves QE ¢ .
1™ (ASC) is given by:
lm(}\SC) — Tm o Tm()\SC)
TP()\SC) ~ag(T+7) +wnf(ASC) —ap g — c(ASC)
B PP(qP(ASC))

* g = q* This case can be solved as a one-dimensional root-finding problem
in the budget constraint residual, which is given by:

BCR(c) = ay(1+7)+wnf(c) =P (q") 1" (c) —c — ap

with .
)
(o) =217
WP PP(q*)
SC ——1 « 0\ J
A (c) 71084 .

T (c) = GMT", where ¢ solves Equation QE ¢ .

5t
- f
7~ (et

and
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* q” > q* This case can be solved as a one-dimensional root-finding algorithm

on the Supervision Constraint Residual as a function of A5¢:

SCRIASC) : =T —a™(A5C) —1f(ASC) — P (A5C) =0

with:

T
q"(A3¢) = exp <1 + ‘FASC>

=P
P q"(39)
C(?\SC):T
T
6fc(}\SC)
fASCy _ “1
P ==

T (ASC) = ¢ T, where ¢ solves Equation QE ¢ .
5
§f
sy — (4 loga’ —A€)
TLfU\SC) — Tf _ Tf(ASC) _ lf()\SC)
1m()\SC) — Tm _ Tm(}\SC)
wnf(ASC) + a (147) — c(A5C) — ayyq
P qP(ASC)

T'(c) =

TP()\SC) —

. Mother does not work and relative care endowment is exhausted (n™ = 0,7" = T),
everything else is interior.

=T

Similar to 4, but witht" =T
. Father does not work and no relative care (n" = 0,1" = 0), everything else is
interior.

Symmetric to 4

. Father does not work and relative care endowment is exhausted (n" =0,7" =T),
everything else is interior.

=T

Similar to 6 but witht" =T

. Father and mother do not work (n™ =nf =0), everything else interior

In this case TPI3-TPI7 still need to hold. These equations jointly with n™ =nf =0,
the budget constraints, the supervision constraints and the parental time-use
constraints determine the critical points.
Moreover, since 1" is interior we already know that in a critical point in this region:
sc _ ¥
A~ = —logq"
Again, let’s analyze the three possible cases for q" separately:
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* q” < q* Because TPI5 and TPI6 still need to hold, c has to satisfy RFc. Quality
of paid care q” can be obtained by evaluating q™~(c) at the resulting c. Since
n™ = nf = 0 and TPI3 and TPI4 need to hold, T™ = ¢IT™ and ' = ¢{T"
where ¢I" and ¢! satisfy QE ¢ and QE ¢f respectively. From the parental
time-use constraints:

From the budget constraint:

From here we can get 1" as:

T=T—1 -1 —1™
* q” = q* Evaluating c(q*,A\%%) at (q,A5C) = (q*,“’%log q"). From here, we can
get the remaining variables as in the q¥ < q* case
* q” > q* Evaluating q"*(ASC) at ASC = ll'%log q" we get q".
Evaluating c*(q”) at g7 (ASC) we get c(ASC)

From here, we can get the rest of the variables as in the previous two cases.

9. Father and mother do not work and relative care is 0 (nf =n™ = 1" =0)
In this case TPI3-TPI6 have to hold.

* g < q* This case can be solved for again as a one-dimensional root-finding
problem nested within another one-dimensional root-finding problem.
A critical point in this region is characterized by a root of the supervision
constraint residual as a function of AS¢, which is defined as:

SCR(}\SC) — T—TmU\SC) —Tf(ASC) _TP()\SC)

where:
c(ASC) solves RFc and q”(ASC) is given by evaluating ™~ (c) at ¢(AS®). More-
over
T(ASC) = ¢MT" where ¢™ solves QE ¢™ and tf(ASC) = d)in where ¢f
solves QE ¢f .
I™(ASC) is given by:

ImASE) =T =™ (A5
1F(ASC) is given by:

lf(}\SC) _ TF o TFU\SC)

and:
ay(1+71) — agq —c(A59)

P+SCy
TN = TR P ST
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* g = g* This case can be solved as a one-dimensional root-finding problem
in the budget constraint residual, which is given by:

BCR(c) = ay(1+7)+wnf(c) = PP (q") 1" (c) —c— a1
with

WP

P
NC(e) = T logg® — Lt

c
T™(c) = GIMT", where ¢ solves Equation QE ¢ and tf(c) = cl)ﬁf, where
¢f solves Equation QE ¢f .
and
1711( ) Tm
lf(c) —f

(c)
(c)
() =T—1(c ) ™ (c)
(c)

c

c

nfle) =T —7f(c) = 1f(c

* q" > g* This case can be solved as a one-dimensional root-finding algorithm
on the Supervision Constraint Residual as a function of AS¢:
SCRIVC) =T =" (A =" (W) =" (AC) =0

with:

P qP ASC)
(}\SC)_ 7
=
5ic(AC)
f2SC 1
V(A = 252

T (ASC) = ¢ T, where ¢ solves Equation QE ¢ and tf(ASC) = d)in,
where ¢f solves Equation QE ¢f

lf(}\SC) _ Tf o Tf()\SC)

lmU\SC) T T ()\SC)
at(1+1) —c(W) —ayy
P’ qP(xsC)

TP ( ASC)
10. Father and mother do not work and relative care is exhausted (nf =n™ =0,7" =
T)
Same as 9 but with T =T'

11. Relative care is 0, everything else interior (1" =0, everything else interior)

In this case TPI1- TPI6 have to hold.
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*q"<q’
This case can be solved for again as a one-dimensional root-finding problem
nested within another one-dimensional root-finding problem.

A critical point in this region is characterized by a root of the supervision
constraint residual as a function of AS¢, which is defined as:

SCR(VC) =T —1™(AF) — ' (A%C) =" (A39)
where:

c(A5€) solves RFc and gP(AS©) is given by evaluating q™~(c) at ¢(AS®). More-
over

lm(}\SC) — S{nc(}\sc)
WTTL
6fC(7\SC)
frASCy _ “1
l’ (}\ ) - Wf
o oy
om m
sy — (4 log qm —A5€)
. 5!

Y f
W — (% log C]f — }\SC>
and

ay(1+71) +wnf(ASE) £ wm™n™(ASC) — ar g —c(A3C)
PP (qP(ASC))

TP(}\SC) —

* " = g* This case can be solved as a one-dimensional root-finding problem
in the budget constraint residual, which is given by:

BCR(c) = ag(T+ 1) +wnf(c) +w™™(c) —P" (q") 1" (¢) —c — ar

with




* q” > q* This case can be solved as a one-dimensional root-finding algorithm
on the Supervision Constraint Residual as a function of A5¢:

SCRIASC) :=T —a™(A5C) —2f(A3C) — P (A5¢) =0

with:
qP()\SC) =exp <1 + l)\sc>
yP
P
P qP ASC)
(}\SC) _ 7
=
5ic(AC)
fASCy _ "1
O
5mc(}\SC)
SC L
m(ase) =228
5f
frASC T
T (AY) =
51‘
lf()\}SC) - (‘P?flog qf_)\SC>
TM(ASC) = 57

ey (F g
nf()\SC) :Tf _Tf()\SC) - lf(ASC)
n™ASC) =TT — 1™ (M) — 1™ (A5C)
Wnf(ASE) + a (1 471) —c(A5C) — agyq
P’ qP(ASC)

P(ASC) =

12. Relative care is exhausted, everything else interior (t" =T')

Same as 11 but with T =T'

13. Paid care is zero, everything else is interior (t" =0, else interior) In this case
TPI1-TPI5 and TPI7 need to hold.

The critical points in this region can be solved for as a one-dimensional root-
tinding problem in the Budget Constraint Residual as a function of ¢, which is
given by:

BCR(c) == ai(1+1)+wnf(c) +w™™(c) —c — apy
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where:

6TTL
™(c) = -L°
w
5f

ACe) = %logqr

f 81
T(c)= u
8f £
i — (¥ loga’ =A% (c))
T = -
vy — (“’?logqm—ASC(c))

) =T—1™(c)—1'(c)
) =T —1"(c)—1t(c)

nfle) =T —1f(c) —1f(c)

14. Paid care and relative care are zero (" = t* = 0), everything else interior. In a

critical point in this region TPI1-TPI4 have to hold.

This case can be solved for as a one-dimensional root-finding algorithm on the

Budget Constraint Residual as a function of c:

BCR(c) == ai(1+ 1) +wnf(c) +w™n™(c) —c — apy

where: sm
™(c) = -L°

Wm

5f

1(c) = 22

w

T™(c) = P3CT
t(c)=(1- 5T

where ¢5° is satisfies the following quadratic equation:
a(@30)?+ (87 + 85— a) s — 87 =0

with a given by:
f m

a:\Pmlogqm—‘i’flogqf—Fv%

=

(QEd3C(c))

Note that the only admissible solution 28 to the previous quadratic equation is

given by:

s a— (8488 +/(8m+ 8L —a)2 +4ad

m 2a

28Gee D.5.2
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15.

16.

17.

18.

nme)=T" —1™(c)—1"(c)
nfle) =T —<f(c) = 1f(c)

Relative care is exhausted and paid care is zero (" =T, 7" = 0)
Similar to 14 but with T =T and with a given by:

T-T T-T f
a=—= Y™ logq™ — ?Hﬁlogqf + 2

()

Mother does not work, paid care is zero, and everything else is interior (n™ =
P =0, else interior.)

In this region TPI2- TPI4 and TPI7 have to hold.

A critical point in this region solves a root-finding problem in the Budget Con-
straint Residual as a function of c:

BCR(c):=a(1+71)+wn(c) —c—aw

Where: .
5
1(c) = WLi
\yr
}\SC — :1 T
(c) = < logq
6f

T

=—
ey — (‘P%log qf — ASC(C))

T™(c) =MT " and 1™ = (1—¢™T") where T solves QE o™
nf(c)=T —1'(c) —17(c)
() =T—1™(c)—1"(c)

Father does not work, paid care is zero, and everything else is interior (n; =
™ =0, else interior.)

Similar to 16.

Mother and father do not work, paid care is zero, and everything else is interior
(nf=nm=+" =0, else interior.)

In this case TPI3, TPI4 and TPI7
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The critical point in this region (which is unique) can be found in closed form:

11/1’
}\SC | T
T 0gq
T = pIT
=i T
o™ and ¢! solve QE ¢ and QE ¢! respectively
= (1= oMT™
U=(-oT
c=ai(1+7)—au

T=T—1t"—7f

19. Mother does not work, paid and relative care are zero, everything else is interior

20.

21.

M™ =1 =1"=0)

In this case TPI2- TPI4 have to hold. Critical points in this region can be found by
solving a root-finding problem in the supervision constraint residual as a function
of c:

where:

TLf(C) _ c+at+1 — at(1 +T)

f(e) =T —1f(c) = 1(c)

oF yf &f
ASC(e) = T—? + ?logqf — l—}

dsolves QE ¢
™(c) = pPT

™) =(1—¢MT™

Father does not work, paid and relative care are zero, everything else is interior
=" =1"=0)

Similar to 19

Mother does not work, paid care is zero, relative care is exhausted and every-
thing else is interior (n™ = =07 = ™)

Similar to 19 but with the Supervision Constraint Residual given by:
SCR(c)=T—-T —1™(c) —1'(c)
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22. Father does not work, paid care is zero, relative care is exhausted and everything

23.

24.

else is interior (=" = 0,7 =T)
Similar to 21
Mother and father do not work, relative care and paid care are zero (n™ =n' =

P = 1" = 0) From TPI3, TPI4, the parental time-use constraints and the supervision
constraint we get that T™ solves:

T

om 5f 5 A v
T — _1 — T — = L +Tlqum—:10gqf:O (RF Tm)
T —T4+m T—am T —qm T T

Tm

Note that since the LHS is strictly decreasing for t™ € [max{O,T —Tf}, min{T, Tm}] ,
the solution in this region is unique and a bisection algorithm with the corre-
sponding bounds converges linearly to the candidate to t™.

From here we get:
m=T"—m
=T
=T _f

c=ai(1+71)—ai

Mother and father do not work, relative care is exhausted and paid care is zero

(n™=nf =1 =0,1" =T') This case is similar to 23.

The root-finding problem is now described by:

o 5 ot wm v
T L — — =+ =logq™ — =logq" =0
™ (T _T4m T-T -t T oam T T

(RF" ™)
with bounds given by:
[max{O,T T T, min(T — Tr,Tm}]

and with:
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D.3 Asset-conditional problem at t = 1,2 for the two parent family
given paid care type P =N

The critical points for this case are coincide with the critical points in regions 13-24 in
the previous two cases.

D.4 Last period problem t =3

Same as asset-conditional problem in periods t = 1,2, but now a4 can be found in closed
form given consumption according to:

ag = dq4cC

D.5 Miscellaneous of useful analytical results
D.5.1 Bounds for root-finding in A5¢

In this sub-appendix we find bounds for the root-search procedures in A5C that are used
in regions 4- 7 and regions 9 - 12.

First, note that from the FOC of the asset-conditional Lagrangian with respect to "
and from complementary slackness we get that

\le
ASC > ?10gqr iftr =0
and

SC XE T T _ T
At < Tlogq ift'=T

Moreover, for the case q” < q* we know that ASC has to be consistent with ¢ not
being greater than total resources and with g < q* Together with the fact that the ¢
implied by RFc is strictly increasing in AS¢ this implies:

yP pp WP\ WP Kp yP
T pplog EP T T PplOg Crax Crmax Pp T
. —=m == PPT L
where cgx =min< ai(14+71) — a1 +wnT  +w'T p_\yp (q*)er
P

By a similar logic, for the case q > q* we know that ASC has to be consistent with ¢
being less than total resources and with q” > g*. This implies:

i (logq* —1) <AC < %p (log <CT§X£> —1>

T
where now ¢ is given by:

emax = at(147) —apr + W™ T +w'T

Hence, except for the case in which " =T and q” < q* we have finite lower and
upper-bounds to conduct the root-search in ASC.
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D.5.2 Existence and uniqueness of solution for QEb; (c)

In this sub-appendix we show that the there is only one admissible solution for ¢3¢ in
equation QEdSC(c) In principle, QEdSC (c) is a quadratic equation and has two possible
solutions, which are given by:

ot = a— (8™ +8L) ++/(8m +8f —a)2 +4ad™
N 2a

o — a—(8M+8L) — /(6 +8f —a)2 +4ad™
B 2a

First, we can show that for any value of a the discriminant is positive, which implies
that the two possible values of ¢ are real. Let the discriminant be given by:

Ag}sc = (87 + 62 —a)? +4ad
If a > 0 this number is obviously positive. Suppose that a < 0 Then:
APSC = (81 + 8 — a)? +4ad =
2
a+ (8 +80)2 +2(80 —85)a > a® + (87— 85) 2 +2(87 — 8D )a = (a+ (6;“—62)) >0

This proves the two roots are real.
Now we can show that ¢~ is not an admissible solution for any value of a : Suppose
a> 0. Then ¢~ < 0iff:

a—(él“—kéi)—\/(6?+6£—a)2+4a6¥1<0 =
2 2
(a—(é?—}—éi)) < (a—(é?—#éi)) +4adl
which if a > 0 is always the case. Now, we want to show that if a < 0 then ¢ > 1. To
see why note that if a < 0 then:
(8 + 85 — a)? +4ad = a® + (87 + 81 — 2(8L — 5™ a > a? + (5 + 65)2 + 2(87 + 81 )a = (a + 87 + 8F)

Hence:

\/(5?+5i—a)2+4a6p<—|a+6’1+6il< a+om458t,

which implies:

a—(é?%—éi)—\/(621+62—a)2+4a6;“<2a.

This implies the desired result.
Now we want to show that ¢ is admissible for any value of a.
First we want to show that ¢* > 0. If a > 0 then we have:
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O = a— (37 +80) + /(5145 —a)? +4asy >0

Which is true since:

a—(é‘;‘+6i)+\/(6?+6£—a)2+4a5¥1> a— (8 +85) +la— (81 +85)>0

(Where the first inequality follows from 46%'a > 0)

Now suppose a < 0. Then we have that:

la— (8™ + %) > \/(6;“+62—a)2 > \/(6;“+62—a)2+4a6;ﬂ

This implies:

—a+ 8™+ 68 =a| +[6M + 88 > la— (8 +88) > \/(5gn+5§—a)2 > \/(5;n+5§—a)2+4a531

Which implies:

a—(é;“+6i)+\/(621+6§—a)2+4a6;n<0

which if a < 0 implies that ¢ > 0.
Finally, we want to show that ¢+ < 1.
First suppose that a > 0 Note that in this case ¢+ < 1 iff:

a— (874 85) + /(81 + 5 — a)? + 4a8P < 2a

Q81 480> /(57 + 5 — )2 +4ad

Which is true since:

Q81480 = /(@85 + 812 > \fa2 4 (81 +5.0)2 — 2(8L — 5)a = /(57 + 8 — a)2 +4asy

Now suppose that a < 0: Note that:

O <1 = a— (87480 + /(81 + 5] — )2 +4ady > 2a =

V(61 5 — )2 +-dady > a+ 57+ 81
Now, note that:
a4+ (O™ + 652 +2(8™ + 65 )a < a? + (6m 4852 —2(6F —8™)a

Hence:

Va2 + (1 4802 — 2(8 — 5)a > /a2 + (87 + 50)2 + 2(57 + 5)a

=/(a+8m+50)2=]a+8"+5f > a+sm+5"

Hence, ¢ is the unique admissible solution to QE¢SE(c).
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D.5.3 Expected cost of the optimal paid care choice

Let [ETrExp(A, a,b) be the expectation of an exponential with parameter A truncated
below by a and above by b:

1 e AP(1/A+b)

az¢  U/ATH) ifa<0
[ETrExp(A,a,b) = { (1 )E::ZR((Ib_/};)—)\b)_i_ae—)\a_be_)\b

A
Fexp (D;A))—Fexp (a;A)

ifa>0
Let VSM  ySM

Elci|P =1] = ((1 — Fexp (VI = VN, A ETTEXP (Ai, 0, VP — VN Ferp (V= VN A )+

| i YN Ay A ViV, ] RV v N
aer(VI =V }}\j)_}\i_ﬁ}\je il )(}\—i+v1—v1)Fexp(vj—v AEA)
N . L ,
_)\Hj?\je NVVIETrEXD (A + Ay, 0, V1 = VN)Ferp (V1= VYA 1 Ay) ) /IP(P =1)

E|[¢;D=j] = ((1 — Fexp (VE = VN A ETrExp(A;, 0, V) — VN Fery (VI — VN, )+

1 -~ .
(Fexp(VE = VN ) = Fexp (VE= VI, A) ) —

A
)
A i iy, ~ A vi_ /i
L e NVVI (L WV (Fep (V= VN A 4 A)) — Fexp (V= VI A 4 A)) —
A+ A A
A AT VRV RV Ry
j ETrExp(A, VI =V, V' —V
7\j+7\ie TEp e ’ >

(Fexp (V' = VNA 42) = Fexp (V! = VA C+))) ) /P(D =)

E Simulating optimal households’ choices

This Appendix describes how to approximate the distribution of households” optimal
choices given a price schedule for Center and Home-Based childcare quality. I am going
to specialize the exposition in this Appendix to two-parent households, but the same
logic applies to single mothers.

Note that given initial assets a; and the time-invariant type of a two-parent family
H, solving the optimization problem of this two-parent family amounts to finding the
probability distribution over sequences of optimal choices {a;1, Dt,Yt}f:], where, as
in Appendix D a;; denotes future assets, D; denotes the choice over types of care
D =N, CB,HB, and Y; denotes all the other choices:

Y = (e, nynf U U 1l 1l 1P g
Let IP({atJr],Dt,Yt}f:1 la;,H) be the probability of a two-parent Household choosing
sequence {a;1, Dt,Yt}f:1 given that its initial level of assets and time-invariant type is
(a7, H). Here I describe how to compute this probability distribution over sequences.
Note that in a given period t the optimal choice of assets tomorrow ai;; and the
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other continuous choices Y; is deterministic given the discrete choice D;. Call this
conditional choices a;1(at,H,D¢) and Yi(a,H,D¢) (Where aiy; is simply gg,ft(at,H)
and Yi(a¢, H,Dy) is the image of the cartesian product of the Dy -specific policy functions
for the choices in Y;. This means that for each family starting with (a;,H) there are at
most 27 sequences {a1, Dt,Yt}f:1 that occur with positive probability. Each of those
sequences can be uniquely identified by its associated history of discrete choices D?,
where D' = (P*"! D;) with D! = D;. That is, for each (sub) history of discrete choices
D! there is a (sub) history of choices a'*! (D!, aj,H) Y*(D'),a;,H given by:

o' = (a,a**, (a1, 1, (DY)

ve= (VLY (@i, H (DY)

with
aZ = (12((1],H,D1) ’

Y'=Yi(a,H,D"),

where (a,b,c); denotes the t-th element of vector (a,b,c)
Now I describe how to find these histories and its associated probabilities

e For a given time invariant family type H we can find [E;V/", for t =1,2 following
the procedure described in D.1.2.

* For a Household with initial assets and time-invariant type (a;,H) we can find
a;(D) and V/PP(ai,H) for D = N,CB,HB by solving Dynamic choice (see Ap-
pendix D for details on how to do that). Given a;(D;), we can solve Static Choice
to get Y1 (a1, H, az,D1). The probability of choosing D; = D (IP(Dy = D|a;,H)) given
that the household starts the period with initial assets a; and time-invariant fam-
ily type H are given in closed form by Choice Probabilities using the computed
{VTPD}5 N c,1ie. Now that we know how to find a;(aj,H,D1) and Y;(a;,H,Dy)
for D; = N, CB,HB and the probability distribution over discrete choices D, I ex-
plain how to compute choices and probabilities for continuation histories starting
att=2,3

e For a given history D! with initial assets a*(D'*"') = a'(D'""); and time-invariant
family type H we can find ay;1(D) and V/PP(ay,H) for D = N, CB, HB by solving
Dynamic choice (see Appendix D for details on how to do that, and note that in
t = 3 the static and the dynamic choices can be solved for at once). Given a,1(Dy),
we can solve Static Choice to get Y¢(at, H, at+1,D¢). The probability of choosing
D =D (IP(D{ = DJat, H)) given that the household starts the period with initial
assets a; and time-invariant family type H are given in closed form by Choice
Probabilities using the computed {V'"P}p_y cp s From this we can construct
the 3 continuation histories (corresponding to D; = N,CB,HB) as a'*'(D!) =
(at,ai11(Dy)), YHDY) = (Y1 Y(ar, H, ar,1,D¢)). The associated probability to each
history is given by

P(D%la;,H) = P(D*'|a;,H)IP(D; = D]a, H) .
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Note that we can write relevant aggregates in terms of the histories of choices and
its associated probabilities. For instance, the cumulative distribution function of two-
parent households over assets and time-invariant Household characteristics at t = 3 can
be written as:

Glas,H) = | S Y PO (ay, H)PT1 (o, H

ap,H<H D,=N,CB,HB D;=N,CB,HB
D D
(95 a/(a2,H) < a3)1(gy o/ (a1, H) = a2)dGy(ar, H) =

P(D%a;,H)1(a*(D*)s < a3)dGy(ar,H) ,

JCL] ,HQH D3eD3

where D3 denotes the set of all possible histories D3. The second equality follows
from the fact that a*(D?) is constructed using optimality given the sequence of discrete
choices and the definition of IP(D%a;,H)

F Solving for equilibrium factor prices

At a high level, the equilibrium solver proceeds as follows:

e Start with a guess for factor prices w,w§

* Given factor prices, find the price schedules that satisfy profit maximization and
free entry for center and home-based childcare providers according to Lemma 3

¢ Given the equilibrium price schedules, simulate single-mother and two-parent
households decisions. Among those decisions, the quality, quantity, and type of
paid childcare decisions are going to be informative for the aggregate demand of
efficiency units of lead teachers E and the aggregate demand of caregiver hours C.

¢ Find the demands of E and C by childcare providers necessary to satisfy household
demands of quality, quantity, and type of paid childcare. More precisely:

C:J H( > PPlan, H) (P (P 3+ O 2 (qM) (A3
GO Tp3cps

" (qM()3) ) dGi (ar, 1),

=] (X PP i E (@D (@D
At p3cps

3
B ((a"3)(e")3) ) aGi(ar, H)
where EF,Cl are the conditional factor demands in 1, P? denotes a history of
childcare-type choices as in E, (q")3, (") are the elements of Y!(P3) corresponding

to 1" and q°, Y*(P!) is constructed as in E, and the integral is calculated by drawing
Montecarlo draws from the initial distribution G;(a;,H)
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¢ Update the guess for factor prices to be a convex combination of the old prices
and the prices that would make the factor supply satisfy the new demand. That
is:

c ( C—E )Vﬂccw

w = | =
"W \HeewlT ’
— N\ = ’
H LT
E _ LT C
Whew =W = Wpew ,

E C i E C i E C
(W] )W] ) = ydampmg (WO )WO ) + (1 _ydamplng)(wnew)wnew)

e Iterate until (wF,w$) converge.

G 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. 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, French, Jones and
McGee (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'f3
and residuals e. 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

2Number of families rounded to the nearest 50 to comply with ECLS-B disclosure rules
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Rural classification®. 1 split the sub-sample of households with an observed mother
wage according to the deciles of z'3, and I keep the distribution of € for each of those
deciles. Then, for the households for which the mother has a missing wage, I calculate
z'B, and I sample an € at random from the set of households in the same decile bin of
z' with an observed wage.

The procedure to impute the wages of fathers is analogous. The R? or the initial
mean-fitting step of the imputation procedure is 34% for mothers and 36% for fathers.

H 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, 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 the

30The 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

31The 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?"

32The 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?"

33For 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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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 for each
family at each wave as:

~ /
ait = zi’tB .

The R? of the linear prediction for assets is 67%, which implies that the amount of
measurement error in d; is moderate. Note that because net worth is observable in
SCF 2001, the marginal distribution of measurement error in d;; is identified from
computing a; — z{)tB in SCF 2001.

I 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 and

P(q™ < e,q" < ela,w™,w',q",Z"") >0

for all
(a;,w™w',q",Z") € supp(a;,w™,w',q",Z")
Then
max T=T(Z")
T esupp(tT|ZTT)
and

P(t" =T (Z2™)|Z"") > 0 for all Z"" € suppZ™™"

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™ WZ") > 0

Let q"* be such that the set
{qr . qT‘ > qr,*}
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has positive probability measure given (aj,q™,q") € A x W™, Wf and Z"" (Note that
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 (aj,q™, q") is non-degenerate).

Moreover, let
T [y om
my*x __ Tyk T
! _exp{‘*’”‘(T o8¢ T—T—T(é”)>}

and

Note that
P(q™ < q™* q" < q™*|(a;,w™,w') € A x W™ x Wi, q" > q™*,Z2"7) > 0
Hence
P((ar,w™wi) € Ax W™ x W,q™ < q™",q" < q™,q" > q""IZ"7) > 0
Define

¢ = sup {VT"J(%) —VTP’N(i)} for j = CB,HB
XeX_.

where
x—c :{(al)wm>wfa qm’ qf)TT) . (ahwm)Wf) € Ax WM x Wf
Q" <q™,q"<qM,q" > T =T (27}

And note that ¢/* is finite because X_. is bounded above.
Since d ~ exp(N) with cHB c“B independent of each other and ¢/ independent of
ar,w™wf, q™, qf,Z"" for j = CB,HB we have that

P(J > *la;,w™w, q™, qf, Zz"") > 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 > cipycnp > cfglZ™™) > 0
We are going to show now that if x € X with
X =X_cx{ccp:ccp >cepl x{chup:chp > cyp)

then
T(x) =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, it must be true that at state x the optimal " and T}
satisfy:

4 >T-T(Z2™).
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T_T"(7T,7 T_T(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 1™ by the same amount is given by:

AR A LTS | L
T-T (z"r

given that q™ < q™*, q" > q"* and 1" > T), this improves the objective of the
Twp-parent family, which contradicts t",t! being optimal. A similar contradiction
argument applies if t! > % Hence, it is optimal to exhaust relative care for all
x € X, which establishes the result. 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.

[.1 Estimation

From the identification argument above we know that T (Z" = z) can be estimated
as the maximum of hours of relative care within the demographic cell defined by
Z'" =z. The variables I choose to include in Z"" are 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. More precisely:

Z"™" = (GM age, GF age,N adult HH)

where:

0 if Maternal Grandmother is dead
1 if Maternal Grandmother younger than 50

GM age =< 2 if Maternal Grandmother between 50 and 65
3 if Maternal Grandmother between 65 and 80

|4 if Maternal Grandmother older than 80
0 if Maternal Grandfather is dead
1 if Maternal Grandfather younger than 50
GF age =< 2 if Maternal Grandfather between 50 and 65

3 if Maternal Grandfather between 65 and 80
4 if Maternal Grandfather older than 80
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0 if no adult relative living in HH
1 if 1 adult relative living in HH

Nadult HH= {2 if 2 adult relatives living in HH
3 if 3 adult relatives living in HH
4

if 4 or more adult relatives living in HH

The resulting estimated distribution of relative care monthly endowments is given by
the following histogram:

Figure 9: Histogram of estimated hours of relative care available to families each month

Fraction
2
L

—

T T T
0 200 400 600
Endowment of relative care

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.

89



J Share of efficiency units of the lead teacher on the pro-
duction function of quality (o)

Note that the First Order Conditions of the cost minimization problem for a childcare
provider producing quality above q* imply:

wEE

T WCCHwiE "

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
«E 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 W{‘I can be computed. Note that the hourly wage
of the lead teacher includes the remuneration of the care that she provides and her
efficiency units:

(08

whl =wCC +whE.
Hence, the hourly income going towards paying the efficiency units of the lead teacher
is given by:
WEE =whT —nw© .

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
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
Ceq =Y aar.
i=1

Estimates can be found in the body of the text.

34ECLS-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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K Measurement systems and production functions of cog-
nitive 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 + s log gl + &b,
forj=m,f,r,pand s =1,...,Ng

The measurement system for children’s cognitive skills is analogous:
l0g®, = w5, + o ¢ log 0 + 3,

K.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 _ uf\rnett + (x’?rnett logq]t + ef\rnett for ] =1p.

Note that I am allowing the parameters of the measurement system to vary with the
age of the child.

K.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:

Arnett; = pufmet 4 ot mett <logAPB +1(Di = CB)(logAf® —log Al'®)

Iﬁ: A
+O£E,t10g (E) + (1 — OLE,t)log (%) ) + etArnett _

ppTE ottt (1ogAPB +1(Dj¢ = CB)(log Af® — 1ogA‘:B)) +

E é T
:Arnett<(xE’tlog (k> (1 (XE,t)lOg <k> ) €tA nett
Arnett

This means that «{ is identified from a regression of the Arnett score on a constant,
a dummy for the paid provider being center-based, and the input composite term

E ¢
o log (E) + (1 —ag ) log (E) .
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It will be useful later to define:

Atnett; ; = pjmett 4 gfmett <1ogAPB +1(Di; = CB)(logAF® —log AMB)+

E ¢
ag tlog (E) + (1 —ag ) log (E) ) .

Note that we can construct the input composite term because o ; 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:

wtT —w€

E=—r,

where wtT is the hourly wage of the lead teacher in the classroom, wC is the average
wage of childcare workers in which the focal child leaves, and wt is the average
salary premium of lead teachers with respect to childcare workers in the state where
the average child lives. The intuition of this identification argument for a\met is
the following: The empirical elasticity of the Arnett score with respect to the input
composite term is equal to the elasticity of the Arnett score with respect to true quality
times the elasticity of true quality with respect to the input composite term. Because the
Production Function of quality is constant returns to scale, we know that this last term
has to be 1. Hence, the elasticity of the Arnett score with respect to the input composite
term has to be equal to the elasticity of the Arnett score with respect to true quality.

Estimates of the Arnett loadings are shown in Table 22

Table 22: Estimates of the Arnett score loadings

IR R
036 0.6
(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.

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

See Appendix K.5

K.2 Distribution of relative care

Relative care quality is a function of observables:

logq; = X(’Nﬁﬂ’r )
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This implies the following relationship between the Arnett score and observables in
Xq,r:
qr

ARNETT{t _ ui\RNETT n O@RNETTX(/NBEM n eéFNETT .
It will be useful to define:
ART\J?TT;t — LL?RNETT n OC{E\RNETTX(/] )rﬁg,r ‘

The estimated dependence between ART\J?TT;t and the observables in X, is reported
on Table 23 3°.

Table 23: Observable predictors of relative care quality

Variable ARNETT, ARNETT;
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 24: 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. Because of that,
modeling the heterogeneity in relative care quality in the same way as for waves 2 and
3 is not possible. In order to still 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}+g?".

%5Because 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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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[logq;!,

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.

K.3 Parental care
K.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
maternal and paternal quality are measured in the same units, then it makes sense to
impose ym,t = v¢z in the production function for skills. Therefore, I choose to construct

f(%amJ and f(%af’ 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
E)Ea]’] = Z] (Ai = "Never" ) for j=m,f .
i=1

Where each A; denotes the answer to one of the following questions:

1. How often in the last month did the parent play with child using toys for building
things, like Lincoln Logs or Legos.

2. How often in the last month did the parent help the child to bed.
3. How often in the last month did the parent help the child to bathe.

4. How often in the last month did the parent take the child for a walk or to play
outside.

5. How often in the last month did the parent help the child to get dressed.

6. How often in the last month did the parent help the child to brush his teeth.

The second measure of maternal care 1’0?;5“" combines information three different
instruments of ECLS-B: The parental interview at 9 months, the parental interview at
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 3°. Then, I add the two
sub-scores.

36In the Two Bags Task the parent and the child have to play with two sets of toys. The interaction is
then recorded, observed and coded. In this case, different features of the observed behaviour or mood
of the parent and child are coded separetaly. I use the Sensitivity, Positive Regard, Intrusiveness, and
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* 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:

Table 25: 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 1 if 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 0if No 1 if Yes (-)
Mother hits back child when child hits her 0 if 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

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

Stimulation of Cognitive Development at the Two years old assessment, and the Emotional Support,
Stimulation of Cognitive Development, Intrusiveness, and Detachment parental scales in the 4 years old
assessment. I choose not to use the Negative Regard Scale at either age because it intends to capture
the degree negative perception that the child has of the parent, as opposed to a behaviour or mood that
the parent presents during the interaction. For a more detailed discussion of the Two Bags Task see
Andreassen and Fletcher (2007)
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a weight of 1 or -1 to form a continuous score. The following table summarizes the
questions that I use, how I transform them to 0-1 variables, and their weight:

Table 26: 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 (+)
0 if No 1 if Yes (-)
0if No 1 if Yes (-)
0if No 1 if Yes (-)
0 if 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 27: 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.

)

The correlations between the two measures of maternal and paternal care quality is
shown in Table 27
K.3.2 Identification and estimation of the measurement system of parental care

So far we have constructed two measures of maternal care quality and two measures of
paternal care quality:

]Tz)ga]‘s = ujvs + (xj>5 log q] + ej»s ,
forj=m,fands=1,2,
with W! =0 and od! =0 for j = m, f It is going to be useful later to estimate w»? od? for

j =m,f.
Note that if there is an instrument Z that is uncorrelated with measurement error in
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Table 28: Estimates for (™2, of2)

Km,2  &f2
536 2.10

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 29: Estimates for (p™2,uf2)

Hm,2 Hf,2
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.

parental care qualities we have that:

cov(f(%ﬁj’],Z) =cov(logq’,Z),

cov(fog(ij’z,Z) = od'»zcov(log qj,Z) p
and hence:

—~—j,2
s _ covllogg™,2)

cov(l/(_)g_c/]jJ,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
the estimates for a™?, «f? shown in Table 28

Since IE[I/(%_&N] = E[log q'] it follows that:

W2 —Elogq 1 — o?Ellogq ] .

Substituting population objects for sample analogs in the previous expression we
get the estimates for p™?, u"? shown in Table 29

K.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. Therefore, I assume that the distribution of parental care quality j for j =m,f is
given by:

logq' =log g™ +vjq,
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where
log qJ’e = Xj,,q Bi»q :

2
Vm | N 0ym Pv,m,fOv,mOv,f
2
Vg Pv,m,fOv,mO~,f Oy f

And vj assumed to be independent of X; 4 for j = m, f. Note that we can write:

with:

s

1/-\-/ ! —X/ . . ))1
qu — Mg BJaq + V))q te 4

—j,2 . .
logq™ —w? e?
— / . . —
(Xj’z - Xj,qBJ»q +V])q + (xj,z :

2

Under the assumption that the measurement error € is independent of X; 4, we can

—~5,2
R

2 ,
identify B; 4 from the best linear predictor of ==—+>—— on X; 4 (the same applies to the

1 . . -
best linear predictor of log q] . Estimates of ;4 for j = m,f for two parent Families
stz_ j,2
and for j = m for Single Mothers obtained from a regression of loga

odr2
presented in Table 6 in the body of the text.
Note that the variance of Vjq iS identified from:

on Xj,q are

log qm‘Z — P'm,Z

),

Var(vimg) = cov(@am’] —X{n)qﬁm)q,

&m,q
and the covariance of v, g, Vy,q is identified from:
——m,2 —~~—"2
log q - um,z logq _ uf,Z
! !
cov( 2 — Xin,qPm,a» o2 —XfqBrq) -

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 5 in the body of the text.

An intermediate step in obtaining estimates of the variance of skill shocks is getting
estimates of the variance of the measurement error of the parental quality measures. In
order to identify those, note that

/'\./jyz . X
logq"™ —ph? —i

Var(logq') = cov( Jogq'),

(x)»z

and
Var(eh!) = Var(lfogaj’1 ) —Var(log q)

. —~——j,2 .
j,2 loga — uw?
Var(G—) = Var(ogq—PL

2 ) —Var(log q) .

(x];z

Substituting these expressions by sample analogues yields the following estimates: It is
also informative to estimate the signal-to-noise ratios:
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Table 30: Measurement error variances of parental quality measures

Var(e™') Var(£R5) Var(e) Var(£5)
0.90 0.18 0.97 1.32

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 31: Signal-to-noise ratios for parental qualities

m,1 m,2 f,1 f,2

s s sh sh
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.

K.4 Cognitive skills of children
K.4.1 Measures of cognitive skills

A key feature of ECLS-B is that it contains developmentally-appropriate measures of
cognitive development at each wave. The measures of cognitive development that I
use are the Motor and Mental Scores at 9 months and 2 years old, and the Mathematics
and Reading scores at ages 4 and 5 years old.

K.4.2 Identification of the measurement system of cognitive skills

Remember the measurement system for cognitive skills at time t:
—~—S
log6, =g ¢ + g logBi + e ; -

Because cognitive skills are latent, their scale and location are not identified. Hence, I
normalize

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

Identification of the measurement parameters for cognitive skills follows similar
steps to the identification of the measurement parameters for latent parenting quality.
That is, {océyt}f[‘:] are identified from:

/—\_/2
) cov(log®,,Z;)
Xt = ——71 __
cov(log®,,Z;)

7

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

/—\_/1
sense to let Z; be the same measure as log®, 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
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at time 1, Z3 to be the mathematics score at time 4. and Z4 to be the math scale score
at time 3. Substituting the population covariances by its sample analogues yields the
following estimates for cxé)t: Once the océ’t are identified for each t, we can compute the

Table 32: Estimates for the loading of the second measure of cognitive skills

o‘gu O‘é,z 0‘5,3 0‘5,4

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:

| log6
Var(log8:) = covt oget,zcov( 089 ’
Xo t

and the variance of measurement error for the first measure at each t as:

Var(eé)t) = Var(l/o\g-é,][) —Var(log6:) =1—Var(log6,),

/'\_/]
where the second equality follows from the fact that log, is standardized, and hence
has a variance of 1. Substituting these expressions by their sample analogues yields the
following estimates:

Table 33: Estimates for the Variance of log 6

Var(log6;) Var(log6;) 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 34: Estimates for the Variance of eé’t

Var(egm) Var(eg,)z) Var(eéﬁ) Var(egm)
0.09 0.36 0.11 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.

Given these 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) '

These signal-to-noise ratios are very high, especially for early ages (see Cunha, Heck-
man and Schennach (2010)). This speaks to the extraordinary quality of the ECLS-B
data.
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Table 35: Estimates for the signal-to-noise ratios for the first measure in each wave

0 0 0 0
$3 S5 S3 Sy

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.

K.4.3 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 estimate a linear regression of @é: on a; and H
(using instruments in order to correct for measurement error in initial assets and some
components of H), I get that no coefficient is statistically significant, and that all the
p-values are above 0.5. Note that this is not because of skills being very imprecisely
measured themselves, given that the estimated signal-to-noise ratio in the first wave is
very high, and given that if I include birthweight in the same regression 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 (see the
previous discussion on estimating the measurement system for skills).

K.5 Production function of skills, 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 we get:

,-[-m
log 011 =1log At +vp 1 1og 6; +ym,t% logq™

™ ARNETT], — pARNETT  or ARNETT, — pARNETT
Vf tT 108 q +V¥pt= T ARNETT + Vf»t? ARNETT Mt -
t t

This can be re-arranged as:

log 6.1 —logAteretlogetermt s logq +yft_ logq +

(L (o T
%?ARN ETT, + A?Ntm - CARNETT, - %tm S RNETT %?@RNETT e -
Note that the presence of 11 does not cause an endogeneity issue here. The reason
is that because skills are log-additive in the value function (see Appendix C), all the
household decisions, and in particular childcare time and paid childcare quality, are
independent of n¢,1. Note the previous equation cannot be used directly to identify
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parameters because log6y,log6:1,log g™, log q" are measured with error. However, we

have at least two noisy measures of each of those latent factors for each period. Given

that o*"NETT is identified, log At , v for j = 0, m,f,p,r, and pRNETT are identified from

the following moment conditions®:

m,2
miogq  —pm? ) T} logq "
T oMy 2 f,t T fo 2

{ (10g0ur1 —1og As+ Vo, 1og B +ymi +

_ et ARNETT bt ARNETT _ Ypt  TE ARNETT _ e T ARNETT)] _

oARNETT T oARNETT T oARNETT T Ht oARNETT T Hi ’
with

~m1 1 — r o
= (1, log6t+1 = logq ,_tlogq ,?ARNETTt, TARNETTt, = Tt) )
——j,2

Note that I am using k’gq—_”] in the estimation equation instead of log q "because
~32 5
l(’ng—;w has more variation.

The only non-standard part of this identification result is the fact that u*NETT ig

identified jointly with the Production Function parameters and using only one measure
of non-parental care quality. Note that because pT* and p! are normalized to 0, u{RNETT
measures the extent to which the ARNETT score overstates quality as compared to the
measures of parental care. To see why, suppose that «fNETT =1y, =+, { =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 B p.m’z

Ellogq™ — Ellogqf) = [ 28 ] — (EIARNETT,] — ') =

o2

———m,]
Ellogq ]—(E[ARNETT]—p") =pu'

Hence, allocates one hour of care from a mother of average quality to a relative of
average quality the associated change in skills tomorrow is given by:

T ARNETT
—= '
Note that by the previous discussion, u{*fNETT is related to the changes in skills associ-
ated 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 u{**NETT. Setting p\RNETT
to some value as opposed to estimating it is equivalent to taking a stand on the relative

quality of different childcare arrangements.

—~— ,] ——H",1 . .
As noted before, log qm and logq are constructed using the same questions.
Hence, to the extent that the way the questions used to construct those measures do

37To be more precise, the only parameters whose identification  requires knowledge of aftRNETT ar

Yp,trYr,t- L RNETT is identified from dividing the coefficient of et =t by the coefficient of sl = ARN RNETT,
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not map to different levels of quality for mothers and fathers, it makes sense to make
the normalization

Ymt =Yt -
By the same token, it makes sense to normalize:
Yrit = VYp,t -

The estimation equation then simplifies to:

m,2 ——+F,2
w mlogq —Hm’2+T_{108q _uﬂz

lOg et-H = logA’[ +’Y9 tloge + Ypar t T Ocm,z T (Xfxz )—I_

Ynonpart T ) sxrmarP | T A soer™y  Ynonpart Tt T Tf ARNETT
ErT (ARNETT + — ARNETT,) — b S STy
t t

T emz Tf €f2>
4

1 1
N1 + €9)t+] +Y6,t€9)t Ypar,t < T (sz T 2

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

The ECLS-B did not perform a direct observation of non-parental childcare arrange-
ments in the first wave, which means that the Arnett score is not available in the first
wave for either relative or paid childcare providers. Under the assumption that 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 " lo T2 fogq ™ — 2
1Og92 = IOSAI +Y6,110g9] +Y‘par,] é gq + —gq—
T o2 T o2

Ynonpar 1T Ynonpar 1T 1 ARNETT ARNETT _q,r

o em? 1l ef2

T am2 | T o2

n2+€ez+Y61€el+Yparl( )

Note that because p)RNETT 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 C. Note that this wouldn’t be the case
if we let T? > 0, because then we would have an unobservable factor problem, where
the unobservable production factor that would be given by the parental investment
composite é logqY (if T} =0 that factor is 0).

Finally, we need to identify and estimate the variance of the skill shocks 1,1, which
matters for making predictions on the distribution of skills in different counterfactual
scenarios (although it does not matter for investment behaviour per-se, because of the
log-additivity of skills in the value function).

Remember that the residual of the estimation equation is given by:
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Table 36: 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)
Ypar 075 110 026
(0.37) (0.46) (9.82)
Ynonpar 040 084 022

(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.

Table 37: Estimates of Arnett measurement system additive shifter and the growth rate of relative care
quality betweent=1and t =2

ar ARNETT . ARNETT
g7’ w H3

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.

1 —~—1 ™ — Tf/-\/f
—log At —ve,log, — vpm,t(%log q —=logq)

residual; = E)Eé 4] T

P
Ynonpart (TP ) som=areP | T 3 o= T Ynonpart Tt T Tt ARNETT
—W(:ARNETTt + =ARNETT,) — ARNETT — T
t t
m €m,2 T{ ef,Z

_ 1 1 t
=Mt+1 + €1+ Vot€ot _Vpant(? ol T o(f,z) :

Taking the expectation of the square of the estimation residual we get:

IE[residualf] = Tz],t + Var(eé,tﬂ )+ yé’tVar(ee,tH

2 £\ 2 £,2
2 T Tt €
Ypar,t (IE (?) (?) VGT(W)) .

Substituting the population objects in this expression by sample counterparts we get:

€m,2

o2

Var(

)+IE
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Table 38: Estimates of the variance of the skill shocks in each period

2 2 2

(0} (o) (0}

n,2 n,3 n4
042 053 0.23
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.

L Identification and estimation of the TFP of quality pro-
duction in centers and homes

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 ot 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 K.1.1 the following relation:

Arnett; = p{mett 4 gimett (log A® 4 1(Dy = CB)(logAf® —log APB> + (A inputs)

T ﬁ é T
o ett(ch)thg (E) + (1 —ag ) log <E> > + gftrmett

Because of'RNETT from Appendix K.1.1 and p{fNETT is identified from K.5, log A}'E is
identified from the constant of a regression of the Arnett score on the imput composite
term and a dummy for center-based care, and log AS® is identified from the constant
of 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:

logqf =1 +%logq{.

pit

Note that log q} is observed because ARNETT,, ARNETT; are observed and p/*RNETT g ARNETT
for t =2,3 and g7 are identified. Moreover, the price of paid care paid by families is
observed up to classical measurement error:

5 P
Pt =P(ai) + e
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From Lemma 3, 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:

o 1ok 1—od wE\F
XE W cf1—oxw 1
Plaf) = |w* (qﬁ) ™ (Tfﬁ) A

The fact that ef 1 is classical and mean zero implies :

1—od j XE
~ C = o wt £ 1—og wt C =
e e e (Tw— Al > R0 <7 < T’

(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

M Identification of preference parameters

In this Appendix, I present identification proofs for the preference parameters in the
model. These preference parameters govern the taste for parental leisure, parental time
with the child, skills of the child, and continuation assets ((81,5!,8™,8%,{8¢ ++11_1,54)),
as well as the distribution of fixed utility costs of sending the child to Center-Based and
Home-Based care at each age ({Acpt, }\HB;L}%:] ).

Before stating the identification result and discussing the proof, we should intro-
duce 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:

A~ (oo d —voloed!
0t~ T Yil0gq; — v 1084 ¢ ) -
Because log q™ and log qf are measured with mean-independent error, 0-mean error,
A}Y). , is measured with mean-independent error, 0-mean error for j = m,f and j’ =
m,f,r,p. That is:

SN S LA DU BV L. S TP o
Agir =Agi T ?v],tei’t =Agi T €y forj=m,fandj’ =r,p,
and
ALY LU B BN UNY S (AN R U SV L
Ay =N +TYM€ Ty]/)te =Agi T €t forj,j'=m,fandj=j’,

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

error, that is:
dit=ait+ €1C:t .

I assume here that the imputation error ef, is independent of all the household choices
and states’®

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(th) + el;t /

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'; ¢ 1s 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.

= m.m f . f ~ ~ D
Cip = Wi +wing 4+ ai(1+7) —dye — Pyt
Hence, we can write the noisy measure of consumption as:
~ —_ c
Cijt = Cijt T €44,

where

[ a a P _P
€iy = (T+T)eiy — €41 — Tit€iy -

Because e, €f!; ;€ f . are mean zero and mean independent of all the choices and states
of the household, so is €.

The following proposition establishes sufficient data requirements for the identifica-
tion of (81,61,8™, 8% {8 t+113_1,04)

Proposition 3. Suppose that the following conditional distributions are observed:
o The distribution of (&, W}, 1} t) given n ¢ > 0 for j =,m,f for some t

e The distribution of val o AP P y) given 0 < T < T, ', >0, and ni . > 0 for some
j=m,f fort=2,3

e The distribution of © e lt,A]’ 1 8iven 0 < < T, forj=m,fand for t =1,2,3
e The distribution (61’],61,3, ai,4)

Additionally, assume that the measurement error in assets and the price of care ef, and eE . are
independent of all the choices and states, are independent of their own lags and leads, and e is
independent of e, for all t,t"

Moreover, suppose that the following conditions hold:

38This 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 other results (such as the identification of the initial distribution of states)
require full independence
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o IE[éi)tln{t > 0] # 0 for j = m, f for some t

. ]E[W]ili,tAg:ir,tw <1 < T{,Tﬁt > O,n{,t > 0] 20 for j = m, f and for some t = 2,3
* E[C;;Ci3l =0
Then (87,585,685 {80 1+11_;,84) are identified.

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

04 _ 1 s,

Fr
oL o n
am —m A =0
0L
- :_)\m+)\BCWm+u1Tle:O
oL of
o~ M =0
0L
a—‘nf:—}\f‘f‘ABCWf‘f’H;:O
0L omym
o = g loga" A% " =
oL & ¥ f2SC_Af
oL v
%:?logqr—Asc—Fuz—wT:O
oL yp
ﬁ:?logqp—ASC—?\BCPP(qP)+pg:o
P dpP
a—L:‘l’pT:——?\BC—(qp)TP:O
ogP T gqP dqp
and the FOC for continuation assets:
1_54B
Cc ag

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

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

_ . L,,mm
C_5{nw l

This implies the following relationship in terms of data objects and measurement

error:
m

~ m c
Cit = @Wi Lt +eig

Taking expectations on both sides conditional on n[} >0 we get:

1
l
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Re-arranging we get:

EfwI}nf} > 0]
E[e;m} > 0]

5 =

A similar argument using the distribution of (Ei,t,w{’t, l{’t) establishes the identifi-
cation of &!.

. Identification of (3¢ 4,00 4)

In an interior solution for relative care (0 <" < T') the Lagrange multipliers on
™ > 0and 1} < T are 0. Hence, from the FOC for " we get that, in an interior
solution for relative care

wi r_ Br’[e+]YT,t

< loga; log qf =A¢¢ .

Combining this with the FOC for paid care 1", 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:

Pt(qf)

0 Py _ gm
Brt-‘r]A‘[ - 61 WmLIn 7

where I'm using the definition of AP

AP = =(ypilogqf —vrilogqr) ,

—i =

and the definition of ¥}, and I am omitting the type of care superscript (D) for
convenience.

0
W= Bl V-
Re-arranging, we get:
BIE W™ ADT =P (ar) -
This implies the following equation in terms of data objects and measurement

error .
P.. — Bl
1,t — 5{“

Taking conditional expectations and re-arranging we get:

pr ., P
Al tei-

= =T
Brey  EPylo<al, <Ti,t, >0,nl >0

' EWMIAN0 <, < T, >0,n >0

1

Because 8" is identified from the previous step and B is treated as known, )
and TY are identified from the distribution of (W™, L, AP Py y) given 0 < 1), < T,
Tﬁt >0, and nf} >0 for t =2,3.

Since F4e = 89,4, it follows that dg 4 is identified. Moreover, since FE? =PBvo3 1"4e + 093,
B is treated as known, yg 3 is identified (see Appendix K.5) and I, T} are identified,
it follows that 8¢ 3 is identified.

A similar argument applies if the distribution of (wf, l{’t, APT Piy) given 0 < T <
T;, ¥, >0,and nf, > 0is observed.
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3. Identification of 5T, 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? re Am,r_(S]l11
o BT Ae™ = 1o

and note that I am using again the definition of ¥™,¥" and A" Re-arranging we
get:
ot _ ™ BrteH
st e
This implies that the following equation in terms of observables and measurement
error holds:

AT

m m 0 0
6L _ T [5Ft+] AT o Brt+1 m _AOm,r
m = Tm m 204t Tt m Lit€it -
o] B o] o] ’
)

Taking conditional expectations we get:

61:11 T?}c T 7 Br‘?—i-] Am,r om T Tr
= IE[F‘;IO < T < T — sm ]E[Ae,{)t'ti)tlo < T < Til.
1 it 1

Since &{" and T, are identified for t = 2,3, 8T is identified from the distribution
of T lzlt,[kg}{ft given 0 < T, < T, fort=23A simila~r argument establishe_s; the
identification of 8} from the distribution of { ,1{ ,Aj}, given 0 < 7}, < T; for

t=2,3

4. Identification of &g

Note that once 51" is identified, the equation

521 T{n] T Tr Brze AM,T M T T
6_m = IE[F;K) < Ti,] < Tl] — é_mIE[Ae,{,]Ti,l |O < Ti,] < Tl] .
1 1,1 1

can be used to identify I'Y. Using the expression for I') and the fact that  is treated
as known, yg ; is identified, and F36 is identified, we can recover &g »

5. Identification of 6,

From the first order conditions for a; we get:

1B
Cc N ag )
Re-arranging:
aq = 66QC3 .

This implies that the following equation in terms of observables and measurement
error holds:

dig = PBOaCi3+€is—POaeis.
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 — PBOati3)] =0.
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This conditional moment restriction identifies 33, if IE[E; 1¢; 3] # 0, which holds by
assumption.

Because B is known, & is identified.

]

Some comments are in order. First, note that the identification result only requires
observing wages for parents that are working. Hence, the fact that I am imputing
wages for all parents is immaterial for the identification of the preference parameters
discussed so far. Second, the data requirements 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, (5", 6{, om, 62,{69,t+1}{,’:1 ,0q) are
overidentified. Third, note that the assumptions

E(S ), > 0] = 0, EiU APT

T = j ~ o~
U Api o<ty < Ti,”tzt > 0’"]1;[ > 0] = 0,E[¢;1¢i 3] %0,

are testable. Moreover, the assumptions

E[&n} , > 0] = 0, Ew!U APT

T F7 j
it 9,i,t|0 < Ti,t < TDTEt > O,TLJi’t >0]=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 Ap} | 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 {AS8 Al'B}?_ . The proposition is written for
two-parent families. The case 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 AIBY_, are identified.

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 D) we get that if V"'B(a,H) > VCB(a, H)

aIP(D = N|at)H) — _(VHB - VN )e—ACB(\N/CB—\N/N)e—}\HB(\N/HB—VN) < O
OB XV,

aIP(D - N|at) H) — _(VCB _ \7N )ef)\CB(VCB*VN)ef)\HB(VHB*VN] < O
OACB s
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with strict inequality if V}8(ay,H),VEB(a, H) > VN(at,H). Also, note that the second
inequality follows because by the definition of VB (at,H), VB (ar, H) it must always be
the case that:

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

>0
oP(D =HB H v v Y v - - A - .
DTl H) g hnol910-0%) g euVE—) [its g A8 yes_ gy
OAHB AcB + AnB
ACB  _Ayp(VHB_VCE) —(Acp+Ap) (VEB_VN)Y [ /HB _ \7CB 1
— ¢ HB 1 —e CB HB v _ V _|_ - 2
AcB + AnB ( ) ) Acg + AHB}
again with strict inequality if VB (a,H) > VN (a, H).
0IP(D = HBJat,H) B AHB VCB _pN App (VHBWN) A o (VEB_yN)
OAcB ~ AuB+Acs ( Je
AHB App (VHB_VCB) —(Acp+Anp)(VEB_VHB)
R 1 _ CB HB < O —
(At +Anp)2" (1—e )
(VCB _ VN)()\HB + ACB)e*O\CBJF)\HB](VCB*VN] < (] _ e*()\CB+)\HB)(VCB*\7N))
VEB_yN)x

which is true by the convexity of e

Moreover:

OP(D = CBlay,H) __P(D =HBlai,H) _ AP(D =Njay,w™,q™ q",T) _
OAcB - OAcB 0Acs g

and

OP(D =CBlag,H)  9P(D =HBla,,H) 3P(D = Nlag,w™,q™,q",T)

a?\HB o a}\HB a7\HB
o Mrp (VIBUN) Acp(VEB-N)_ ACB  (ycB W)
AHB +AcB
ACB g (VHB_VCB) —(Acp4Anp)(VEB_VN) ~HB _ \/CB
AL 1 — e (AcB+AnB 1+ (VHB_VCBY) <0
AcB + AHB ( ) )

— e*(}\CBvL)\HB)(VCB*VN) (VCB — VN) (}\CB + }\HB) g

(1— e~ Cem VTV (1 4 (g 4+ M) (V1B - 7))

~CBif/HB)X

which again is true by the convexity of e~V

ACB and weakly decreasing

By symmetry, if VB > VHB VCB ig strictly increasing in
in AHB,

Note that when taking derivatives, I am leaving the dependence of \7tD on a¢,H
implicit to avoid clutter of notation. This establishes that IP(D = Dlat,H) is weakly
increasing in AP and weakly decreasing in AP’. Moreover, this monotonicity is strict if

VEB(ag, H), VB (at, H) > VN(at, H) The rest of the proof proceeds by backward induction
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¢ Last period (t = 3): Unconditional choice probabilities can be written as:

P(D3 = CB) :J IP(D3 = CBlat,H)dG3(a3, H) := n$B(ACB AHB) |

a3,H

P(D3; = HB) :J IP(D3 = HB|ay, H)dG3(az, H) := B (AHB ACB)

a3,H

where we have data objects in the LHS and known functions of A{B AP in the
RHS. Moreover, note that ni” (A8 AHB) is strictly increasing in AP and weakly
decreasing in AP’ for D’ = D, because IP(D; = D|ay, H) is strictly increasing in AP if
VP > VN, it is always weakly increasing in AP, weakly decreasing in AP’, and the

set
{a,, H: VP (ay, H) > VN (ay,H)} for D=CB,HB and t =1,2,3

has positive measure.

The fact that the RHS is a known function of A§8 At follows from the fact that:

— VP can be computed for D = N, CB,HB because:
+ B is treated as known and (5™, 57, 6™, 6%, {8 ¢1)2_1,04) are identified from
1501015015 100,t41 ¢
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 L, J.
- Gi(at, H) is identified (see discussion Section 6.2.2
A simple contradiction argument establishes that A{8 ALE are identified from
IP(P; = CB),IP(P; = HB).

Suppose that is not the case. Then, there exist two different pairs (A{,AlB) and

(ASB,ALB) that generate the same unconditional choice probabilities. Without loss

of generality, assume A$P > ASB. Because n$?® is strictly increasing in A$®, it must

be the case that
ALB < ALB

otherwise we would have
CB/+CB yHB CB/5CB 5HB
73 (}\3 ,}\3 ) > 73 ()\3 ,}\3 ) ’

which is an immediate contradiction. However, because mi8(A$B AHB) is strictly
increasing in Al'® and weakly decreasing in A{®, we must have

HB 3 CB 5HB HB B yHB
T3 (A37,A37) <3 (}\3C A3 ),

which is a contradiction. Similar arguments apply if we start by assuming A$? <
A, ALB < AHB or ASE > A$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:

P(D{ = CB) :J IP(D; = CBlay, H)dG¢(ag, H) := B (ACE AHBY
Clt,H

P(D.=HB) = | P(Di=HBlag, H)dGy(ay H) = BB AP
(lt,H
where we have data objects in the LHS and known functions of A8 A in the

RHS. The fact that the RHS is a known function of A8 A8 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 L, J.

+ From the Induction Hypothesis: ASE AHE, are known, which matters for
the computation of EVy 1 (a1, H,cE), clB)

— G¢(at,H) is identified (see discussion Section 6.2.2)

The contradiction argument goes exactly as before. This establishes the identifica-
tion of {(ASB AIBY_,

]

Some comments are again in order. First, the condition
{ag, H: V¥ (ay, H) > VN (a,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, note that the identification result assumes that unconditional choice proba-
bilities are observed at each age, instead of conditional choice probabilities. I chose to
write the identification result in terms of unconditional choice probabilities for prac-
tical reasons. In principle, one could target IP(Dy = DJay, H) in estimation. However,
(at,H) is very high-dimensional, is measured with error, and it’s distribution is endoge-
nous and of unknown functional form for t = 2,3, which complicates in practice using
IP(Dy = Dlat,H) in estimation.
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N Estimation of Preference Parameters
I estimate preference parameters in three steps. In the first step, I estimate
(8", 81, 87", 8%, {Be 1)) -

I translate the joint-restrictions on conditional moments and parameters used in the
proof of Proposition 3 into a Minimum-Distance estimator.

More precisely, 3 := (5], 8f,8™,8%,{80.1}{_,) solves the following minimization prob-
lem:

9 =argminh (9, 7in) Wb (9, 7n)

with

{Ew m1m|n”>0}

{Bl&dnls > 013

(] flftln >0}

{IEcltInlt>0}
(B[ 1t|O<T <T1,T >On >O}tz
(B[ 1t|O<T <T , T >On >O}:2
™ = | {BwrnAYY |O<T <T; Ti’t>0,ni’t>0]}%:2
11 ’“|0<T <TIE,

{Ew {lftAptr|0<T <T T >On >0,

{IP[AgljtT t|o <1, < Tr 113
{BIAST ! t|0<qt <TUR_

with (9, 7n) given by:

m_ Ewm™ ™ ™ >0]
{5 \nm >0 }
¢ EMWw! l1 t\nl 0113
{6 IEthln >(] }
{[5 1 B[P; ([0<t]  <Ti,tf ,>0n! t>0 }3
Y9,y ) = Ewmum AP T0<t] <T1,rpt>0nm >0]/t=2
) {ﬁ N E[P 1t|O<ﬂr t<T1,T >0 nft>0 }
5f Ewitf AP \O<Tlt<T1,Tpt>On
=T
it |O<T <Til— gg‘IE[Aeltqtmm <TE
5f —r
{ﬁ —IE[l—_,}lIO <t <Ti)— f+1 JE[Ag Lo <t < TN
i,t

where Y, is given by the expression in C (and note that f is fixed to 0.95 and v, is
estimated on a previous step), and W, is a diagonal matrix that is not a function of the
data.

In the second step I estimate 35, by running a 2SLS regression of d, on ¢3 using ¢;
as an instrument. Note that this estimator is the sample analogue of the expression that
characterizes &, in the proof of Proposition 3.
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In the third step, I estimate the parameters of the distribution of fixed utility costs of
paid care {ACB AHB) using indirect inference. From proposition 4 we know that {ACB AHB)
are identified from unconditional choice probabilities. Therefore, the unconditional
choice probabilities {{IP(D = D)}D:N,CB)HB}EZ1 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 the choice probabilities of single-mother households, I estimate
{ASB AHB} separately for two-parent families and Single Mothers (that is, I run two
different Indirect Inference estimation procedures).

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) 39 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—ogam’z,l/ég—c/]f’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:

1 C 1
. _ cB_ ' _~ CB,
Bunching(CB.) = P(RIy — 35 < - <Riy’+ 35
C

+ 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 1.

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 the parameters that I am
estimating by Indirect Inference (A8, A8 50 1}_,) are identified, I include

D¢ =CB) .

i T{T}c T T
IE[FI_K) < Ti,t < Tl] ,
it

s =T
IE[AS}{&T{‘}IO < T{’t <Til,

f
A T —
Blbo <1, <Til,
it

3 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 {ACB],A}!B}3_, rationalizing the observed
choice probabilities for different G¢() for t =2,3
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and
BIARE (o J0 <], < T

as targets (note that these identify {69,”1}{’:1 given that 6,87 were estimated in the
first step). Note that I am letting A vary across household structures, but not any of
the other preference parameters. This choice was made to balance two concerns. First,
Single Mothers are different from two-parent families as evidenced by the fact that they
make very different choices, and capturing these differences is likely to be important
when predicting the distributional impacts of childcare market policies. However,
because Single Mothers represent only a small fraction of my sample, allowing for total
flexibility in preference 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 H for the imputation of assets, G for the imputation of parental
wages, I for the estimation of the relative care endowment for each family, and
K.3 for the construction of the observable part of parental care.

2. Simulate the unobservable part of parental (v, vij) care quality from its estimated

distribution many times (j = 1,...]) for each family i and construct log q{; and

log qf ; according to:
log qi; =log qi™* + i},
logq{; =logal® +{; -
The resulting simulated dataset:
{{lar, Wit Wi, Ti,log g, log qij,log q{,j ]i\le}jI:1 ’
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 wf,w® (remember wt is simply
the average lead-teacher premium in that state), and the observed regulations in
that state.

4. Given dF ={ALB AMB 50,113, solve and simulate choices for each family, aggre-
gate them, and compute the desired statistics.

5. Compute that weighted square distance:
I.I)IF’TP (‘SIF) /W.LI)IF,TP (‘SIF)

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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O Identification and estimation of labor supply parame-
ters of Lead Teachers and Childcare Workers

The labor supply equations including the unobservable supply shifter are given by:

LT =TTi(w; )" Texp(&f]) ,

CCW, = CCW, (wy “W)neew exp(grT™)
Taking logs we get

log LT, =log LT +nirlog(wt') + &l ,

log CCW,; =1og CCW +ncewlog(wf W) + £5CW

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+nrrlogwr, + Xy Brr+ &

CCWit
Employment, ,

log( ) =1log CCW +ncewlogwit ™V + X{ Beew + &5 " .
Note that 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 LT;; and CCW;; on 1 to
happen through the size of the labor force in state 1 at time t and X; ;. Because current
fertility can affect labor supply, and current fertility is correlated with lagged fertility, I
include contemporaneous and lagged one period fertility in X ;. See the body of the
paper for estimates of these 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,
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but rather the products LTH;t 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(wh 4+ w&)ner exp‘("lL»I ,

and

CP(WE,w®) = TTH 1 (W +w&)nr exp‘(*lL»I +CCW(wt)ncew exp‘ilc,tcw
Using the previous equation this simplifies to:
cw

CP(wE, W) —EP (wE,w€) = CCWHcew (wE)ncew exp‘ilc,t

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 Appendix F. Taking logs, taking expectations, and noting that &[{ and & have

mean zero we get:

log (HirLT) = Ellog EP (W5, wE)] —nirEllog(wt +w)] .

log (ﬁccwm> =E [log (ED(WE,WC) — CD(WE,WC))} —necwElogw©] .

This is an identification proof for HtLT,Hccw CCW.
Substituting population objects by its sample analogs we get the estimates* in Table
39

Table 39: 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".The
source of the wages of teachers and childcare workers is the BLS, and the source of regulations is
Wheelock College in Boston (see the data section).
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.

“0In 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. Because of that, I use a different strategy
here
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